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ABSTRACT 
 
HUMAN CAPITAL AND CONNECTEDNESS 
IN A MUNICIPAL INNOVATION 
ECOSYSTEM 
Misty A. Sabol, DBA. 
The University of Dallas, 2021 
Supervising Professor: Dale Fodness, PhD 
Open innovation ecosystems have been found to contribute to the success of economic 
development at the municipal level, yet there is little research on the factors driving innovative 
behavior within a municipal innovation ecosystem (MIE). Drawing upon the diverse literature of 
endogenous growth theory, complexity, and innovation, this study explores how the 
interpersonal and intrapersonal resources of the individuals involved contribute to innovative 
behavior within a city’s economy. 
This mixed-methods case study collects a mix of interview, observational, and survey 
data. After qualitative insights from MIE participants were gathered, the resulting data was used 
to develop and test hypotheses about the relationships between the constructs of social capital, 
human capital, well-being, institution engagement, and innovative behavior. 
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This study focused on building a novel framework that examined innovative behavior in 
a city-region.  The moderated mediation model was tested using PLS-SEM. The results of this 
study highlight the importance of individual well-being in an MIE and raises awareness that idea 
sharing via social capital and institution engagement leads to innovative behavior in a city 
region. This study contributes to innovation research by suggesting that innovative behavior is 
impacted by more than the typical factors of affect, trait, personality, and environment, which 
have been the focus of research on individual level innovation. 
 
Keywords: Innovation ecosystem, Human Capital, Well-Being, Social Capital, Endogenous Growth 
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LIST OF DEFINITIONS 
 
Endogenous growth theory           (EGT) economic growth is primarily the result of 
endogenous and not external forces. EGT holds that 
investment in human capital, innovation, and knowledge are 
significant contributors to economic growth. 
 
Human capital                                 the mix of traits, training, education, and behavior that are 
utilized to perform labor that results in creating economic 
value 
 
Innovative behavior                        individual actions directed at the generation, introduction, 
and/or application of beneficial novelty at any organizational 
level 
 
Institutions                                       entities participating in the innovation ecosystem such as the 
universities, colleges of engineering, business schools, 
business firms, venture capitalists, industry-university 
research institutes, federal or industrial supported Centers of 
Excellence, and state and/or local economic development and 
business assistance organizations including funding agencies 
and policy makers 
 
Institution Engagement interactions between individuals and institutions 
 
Municipal innovation ecosystem  (MIE) the large and diverse array of participants and 
resources that contribute to and are necessary for ongoing 
innovation in a modern economy 
 
Social capital                                    personal associations that allow for individuals to develop 
relationships and economic affairs; these associations provide 
actors with collectively produced capital that can be used for 
achieving personal or collective gain 
Well-being                                       the experience of health, happiness, and prosperity, having 
good mental health, high life satisfaction, a sense of meaning 
or purpose, having meaningful relationships in life and ability 
to manage stress. 
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CHAPTER 1 
INTRODUCTION 
 
 
 Interest in business innovation ecosystem research is rapidly increasing. This surge is 
seen in the sheer volume of research papers as well as corporate and industrial news articles that 
use the term “ecosystem.”  In the past five years, approximately 300 articles on ecosystems were 
published in top peer-reviewed journals (Bogers et al., 2019), and over 80,000 articles mention 
ecosystems in news and trade reports (Aggarwal & Kapoor, 2018). While a majority of the 
ecosystems literature focuses on organizational level innovation and value creation, the concept 
of an ecosystem as a mechanism for innovation and creating value within a bounded 
geographical territory attracts interest for academics, industries, and governments (Cohen et al., 
2016).  
A city's innovation ecosystem is defined as the participants and resources that contribute 
to and are necessary for ongoing innovation in a modern economy (Millard, 2018). Municipal 
innovation ecosystem (MIEs) participants include entrepreneurs, investors, researchers, venture 
capitalists, as well as business developers, policymakers and students (Witte et al., 2018). These 
components of an MIE work together to propel a city economy forward much like the 
components of a bicycle work in tandem to propel a rider forward; the reliability and 
connectedness of a bicycle’s components are vital for functionality just as the reliability and 
connectedness of innovation ecosystem assets are vital for a city’s innovation ecosystem 
functionality. Innovation ecosystem assets include the events, programs, people, and institutions 
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employed in the development of innovation. The types of innovation within an MIE include 
product, process, service, social, and entrepreneurial innovations. Examples of high functioning 
MIEs can be seen in areas such as Menlo Park, CA, where the constellation of research, private 
investment, and supportive economic policies has attracted over 300 tech startups and serves as 
home to incumbent firms like Facebook, United Parcel Services and Comcast Corporation. 
Recently, Massachusetts was named the most innovative state in Bloomberg’s 2019 Innovation 
Index; the selection of Massachusetts for this top honor is attributed in part to Boston’s MIE, 
which is comprised of world-renowned R&D institutions, impact investors, science and 
technology corporations, and emerging social innovation enterprises. The human capital 
resources and the connectedness of these institutions within these cities function as opportunities 
for innovation and economic growth within the city. 
Innovative capacity is an important consideration for research on municipal innovation 
ecosystems. Research on innovation capacity has assessed human capital as a form of innovative 
capacity (Mouhallab & Jianguo, 2016). Furthermore, empirical studies have found that human 
capital is a central factor in regional studies that measure economic growth and innovation 
(Florida, 2005; Glaeser, 2011). Simply put, human capital is the mix of traits, training, education, 
and behavior utilized to perform labor that results in creating economic value (Becker, 2009). 
Because human capital is considered a factor of production in the economy (Smith, 1776), it 
follows that human capital plays an important role in an MIE. 
Because innovation is reliant on knowledge sharing and transfer via relationships and 
interactions, it follows that social capital can also impact innovativeness within an ecosystem. 
The website kickstarter.com is an example of how knowledge sharing and connectivity impacts 
innovativeness. The mission of kickstarter is “to bring creative projects to life” (kickstarter,nd). 
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The crowdfunding website serves as a platform for creators and backers to connect and interact 
to further creative projects, while the platform serves as a launchpad for innovative product 
development since many of the products move on to be commercialized.  The connectedness of 
the inventor, product, and backer serves as a catalyst for product innovation.    
Connectedness in a system produces opportunities and constraints particular to the 
specific network, which results in outcomes not predicted by standard economic explanations 
(Granovetter, 1983; Marsden, 1981). Simply put, connectedness is a measure of interactions 
within a social network. In this study, the connectedness of MIE participants is measured using a 
scale that collects information on MIE participants’ social capital.  
This study analyzes the impact of social capital on innovativeness within a city’s 
innovation ecosystem by collecting data on participants’ relations and interactions, behaviors, 
and perceptions. Connectedness within an MIE is important because it is the way in which ideas 
are shared between organizations and institutions. If an idea cannot be shared, it cannot be 
implemented across the MIE. 
While innovative capacity is the foundation for innovation potential within a region, 
capacity alone lacks the ability to fully explain innovativeness within an MIE. Innovativeness 
within an MIE requires both capacity (human capital inputs) and capability (social capital 
connectedness). This study proposes that both human capital and social capital contribute to 
innovativeness within an MIE.  
The selection of a municipal innovation ecosystem rather than a municipal 
entrepreneurial system for the unit of study in this research is intentional and serves an explicit 
purpose. The purpose of an entrepreneurial ecosystem is to develop capabilities that facilitate the 
creation of and provide support for new ventures. Although entrepreneurship is an important 
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component of an innovation ecosystem, it is only one piece of the puzzle. An innovation 
ecosystem encompasses not only the key components for a city’s economic growth but also the 
constellation of factors that impact the quality of life within a city. The quality of life within an 
MIE is reflected in the well-being of MIE participants. Well-being is the experience of health, 
happiness, and prosperity: having good mental health, high life satisfaction, a sense of meaning 
or purpose, meaningful relationships, and the ability to manage stress (Tchiki, 2019). Because 
well-being plays a role in participants’ motivation to act innovatively, it is important to look at 
well-being to develop a deeper understanding of the factors that contribute to economic growth 
and the factors that reflect the quality of life within a city (Constanza et al., 2008; Cohen et al., 
2016). The choice to study an MIE provides a more holistic picture of a city’s innovation 
dynamics.  
 1.1 Background 
 
 Mobile is a port city on Alabama’s Gulf Coast. The population within the city limits was 
192,085 in 2019 (city of mobile, nd) making it the fourth most populous city in Alabama, the 
most populous in Mobile County, and the largest municipality on the Gulf Coast between New 
Orleans, Louisiana, and St. Petersburg, Florida. Aerospace, steel, ship building, retail, services, 
construction, medicine, and manufacturing are Mobile's major industries (cityofmobile.org).  
In 2013, a Business Insider article ranked Mobile, AL as the third most miserable city in 
the United States (Zeveloff, 2013). The unfortunate ranking was a result of combining statistics 
on the city’s high crime, high poverty, and low education rates with reports by Mobilians of low 
happiness. More recently, Gallop’s 2017 survey that ranked community well-being placed 
Mobile, AL in the 148th spot out of the 186 metropolitan communities surveyed. The well-being 
survey measured self-reported data on respondents’ mental health, physical health, social 
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relationships, economic security, and happiness. Despite concerted efforts among the Mobile 
Area Chamber of Commerce, the state and city government, and local firms, Mobile shares with 
many other Southern, small to mid-sized cities a reputation of struggling with innovation.  
Because Mobile has seen its fair share of bad publicity, the city has begun to expand their 
focus from a more traditional approach to economic growth of procuring and maintaining 
manufacturing jobs to a more contemporary approach of embracing innovation and 
entrepreneurship. While Mobile, AL has historically found success with attracting large 
manufacturing companies (incumbent firms such as Airbus and Austral have headquarters 
located in Mobile), recent newcomers are garnering attention in the city. These newcomers to 
Mobile’s innovation ecosystem include, amongst others, an innovation portal business incubator, 
an angel investing network, a social innovation team attached to the mayor’s office, multiple 
coworking spaces, as well as multiple pitch competitions to promote and support local 
entrepreneurially focused students and start-up firms.  
1.2 Research Problem and Research Questions 
 
This recent shift in attention toward increasing the city’s technology sector resources and 
improving support for entrepreneurial ventures requires deeper understanding of the connections 
and patterns that create value within the city’s innovation ecosystem. Such understanding can 
occur by examining MIE participant attributes and social capital within the city of Mobile, AL. 
The primary question this study answered is, how do personal resources such as human capital 
and social capital impact individual level innovative behavior within a municipal innovation 
ecosystem?   Additionally, this study explored emerging patterns of MIE participants’ 
perceptions and behavior to answer a secondary research question, how do academic, political, 
and economic institutions contribute to innovative behavior in the city’s innovation ecosystem? 
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The presented findings provide important answers that shed light on potential tools, techniques, 
and sources for affecting economic stability, resource sharing, jobs, and opportunities within the 
city’s economy. 
1.3 Purpose 
 
The purpose of this study was to develop a deepened understanding of innovative 
behavior within Mobile’s MIE. This study tested a hypothetical model (see Figure 1) that 
explained innovative behavior in an MIE as an outcome of both the human capital and social 
capital of MIE participants. The following hypotheses were tested: 
H1. Human capital of MIE participants will be positively related to MIE participants’ social 
capital. 
 
H2. MIE participants’ social capital will be positively related to MIE participants’ innovative 
behavior. 
 
H3. Well-being will mediate the relationship between social capital and innovative behavior. 
 
H4. Institution engagement will positively moderate the relationship between social capital and 
innovative behavior. 
 
Figure 1  
 
Hypothesized model of individual innovativeness within an MIE 
 
 
 
1.4 Contributions 
 
This study makes three important contributions to the growth theory and regional 
innovation literature.  First, it provides empirical support for the integration of macro 
Institution 
EngagementWell Being
         Human Capital Social Capital Innovative 
Behavior 
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(institutions) and micro (personal resources) economic theory to explain individual level 
innovative behavior in a regional economy.  Second, it advances our understanding of the 
theoretical foundations for innovative behavior as it relates to bridging and bonding social 
capital.  Finally, it contributes practical implications, which can guide MIE participants setting 
out to organize, design, and implement structures and activities to promote innovative behavior 
in an MIE.  
The research presented here is organized as follows.  In chapter 2, a literature review and 
hypotheses are presented in support of a conceptual model of MIE relationships and a 
hypothetical model of innovative behavior in an MIE.  Chapter 3 presents the research 
methodology in three parts.  First, it details the mixed methods research design that is based on a 
case study of Mobile, AL.  Second, it discusses the design of qualitative and quantitative 
measures used to develop the study’s framework.  Third, it presents the approaches used for data 
analysis and describes how the qualitative data analysis was used to inform the development of 
the quantitative scale.  Chapter 4 presents the results from testing the study’s hypothesized 
model.  Lastly, chapter 5 summarizes the theoretical and practical implications of these results, 
discusses limitations of the current research, and presents directions for future research. 
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CHAPTER 2 
LITERATURE REVIEW 
 
Over the past few decades, a large volume of literature has focused on innovation 
systems, ecosystems, and networks.  While this is by no means an exhaustive list, the works by 
Cooke, P., Uranga, M. G., & Etxebarria, 1997; Edquist, 1997; Etzkowitz & Leydesdorff, 2000; 
Fagerberg, Mowry and Nelson, 2006; Jones and Romer, 2010; Romer, 1994; and Schultz, 1961 
were very influential in the construction of this study.  
The combined insights from these works have created more questions than answers, but 
there will always be future directions for study. This literature review draws together four strands 
of research: innovation ecosystem research, open innovation research, complexity research, and 
economic growth research.  All four strands touch upon factors that describe or explain the role 
of the individuals, institutions, and networks in creating innovation within a municipally 
bounded system. 
2.1 Overview of Innovation Ecosystems Literature 
 
 In the following sections, the concept of systems, innovation systems, innovation 
ecosystems, and municipal innovation ecosystems are described. Figure 2 depicts the 
relationships between these connected streams of research and identifies how they relate to the 
regions surrounding Mobile, AL. 
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Figure 2  
 
Innovation Ecosystems Relationships 
 
2.1.1 Systems 
A system is comprised of actors who are engaged in activities and have linkages with 
other actors (Gault, 2018). We are all part of the systems in which we function, and we influence 
these systems even as we are influenced by them (Anderson & Johnson, 1997). In general, 
systems thinking is characterized as thinking of the big picture, which means balancing long and 
short-term perspectives, recognizing dynamic interdependencies, and considering both 
measurable and non-measurable factors (Anderson & Johnson, 1997).    
In applying a systems approach to understanding innovation within a city, the actors that 
make up the system are the academic, political, and economic institutions of the city. The 
activities within the system include, but are not limited to, research and development, capital 
expenditures, human resource development, market development and policy making (Gault, 
2018). Linkages include all interactions between actors and can be evidenced in the form of 
contracts, partnerships, grants, knowledge sharing, as well as many other types of interactions 
National 
Innovation 
Ecosystem-USA
Regional 
Innovation 
Ecosystem-
Alabama
Local Innovation  
Ecosystem-
Mobile & 
Baldwin 
Counties
Municipal 
Innovation 
Ecosystem-
City of Mobile
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(Gault, 2018). This networked system of actors, activities, and interactions provides a system 
view of the city’s economy, which in turn provides a basis for statistical measurement and 
analysis of economic sectors that helps to explain what happens in the city’s innovation network 
(Gault, 2018). The illustration in Figure 3 provides a generic depiction of a network model of a 
city innovation ecosystem. 
Figure 3  
A network of a municipal innovation ecosystem. (Kark, et al., 2019)  
 
2.1.2 Innovation Systems 
To properly frame this study, it is appropriate to review the recognized experts in 
innovation systems research who have studied this topic for over 35 years and have developed 
tested and validated models.  Lundvall (1985) introduced the concept of a system of innovation 
to describe the elements and relationships that interact in the production, diffusion, and 
employment of new and useful knowledge located within a nation-state. Freeman (1987) built 
The Innovation Ecosystem of a City 
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upon Lundvall’s work and coined the expression “National System of Innovation,” which he 
defined as “the network of institutions in the public and private sectors whose activities and 
interactions initiate, import, modify and diffuse new technologies” (p.1). Subsequent studies on 
innovation systems have further narrowed the focus from national systems to regional innovation 
systems. 
The concept of a regional innovation system (RIS) was proposed in Cooke’s (1992) 
seminal work, which concluded that interactive learning can produce evidence of very rapid 
institutional reactions, where economic performance and the dynamism of business are 
harmonized across regions. This conceptualization of RIS was impacted by Cooke’s studies in 
systems theory planning as well as his experiences with regional innovation policy and 
networked local and regional development analysis (Cooke, 1997; Cooke, 2008). Muscio (2006) 
expanded upon Cooke’s work and suggested that although regional systems of innovation can 
support several innovation districts, there are cases in which the districts should be considered as 
local innovation systems with independent innovation patterns; the characteristics of these 
districts can be so specific that the region’s size and institutional framework may be inadequate 
in fully describing the district’s innovation processes. This work by Muscio (2006) applied the 
term “Local Innovation System” (LIS) to describe these districts. 
Although the term Local Innovation System has been applied to describe the territorial 
innovation dynamics in sub regional districts such as the Cortex Innovation District in St. Louis, 
MO, the term is also used to describe the innovation dynamics of municipalities (Edquist, 2013). 
The concept of municipality areas as systems of innovation has gained traction in contemporary 
research on innovation systems because of the vital role that cities play in the social and 
economic development of the regions, states, and countries that they are nested within (Johnson, 
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2008). The city of Mobile, AL is the unit of analysis on which this study is based (see Figure 4). 
With the unit of analysis for this study clarified, next it is important to understand how applying 
an ecosystem lens to studying an MIE can allow for greater understanding of innovation within a 
municipality.  
Figure 4  
 
Boundary Map for the Municipality of Mobile 
 
2.1.3 Innovation Ecosystems 
Over the past 20 years, research on innovation systems has reflected an increasing 
interest in system interdependencies between organizations and activities. This increasing 
interest has led to comparing innovation systems to natural ecosystems (Adner, 2017). Mercan & 
Göktaş (2011) define an innovation ecosystem as consisting of “economic agents and economic 
relations as well as the non-economic parts such as technology, institutions, sociological 
interactions and the culture” (p. 102).  These diverse components of an innovation ecosystem 
interact to create and capture economic value. Durst & Poutanen (2013) describe an innovation 
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ecosystem as a hybrid of different networks or systems. Innovation ecosystems exist inside of 
organizations, across organizations, across industries, and inside of bounded territorial regions.    
Because this study seeks to understand innovation at the city level, the emphasis of this literature 
review will focus on describing what a municipal innovation ecosystem is, what occurs inside of 
the ecosystem, and the nomological network used to frame this study of a city’s innovation 
ecosystem.   
2.1.4 Municipal Innovation Ecosystems 
 
As it relates to this study, a municipal innovation ecosystem is defined as “the large and 
diverse array of participants and resources that contribute to and are necessary for ongoing 
innovation in a modern economy” (Witte et al., 2018, p.3).  A municipally bounded innovation 
ecosystem contains a complex set of relationships among the academic, political, and economic 
institutions within the city (Etzkowitz & Leydesdorff, 2000). In this context, the actors would 
include the material resources (funds, equipment, facilities, etc.) and human capital (students, 
faculty, staff, industry researchers, industry representatives, etc.) that make up the institutional 
entities participating in the innovation ecosystem such as universities, colleges of engineering, 
business schools, business firms, venture capitalists, industry-university research institutes, 
federal or industrial supported Centers of Excellence, and state and/or local economic 
development and business assistance organizations including funding agencies and policy 
makers (Jackson, 2011).  
Municipally bounded ecosystems are developed through institutional affiliations. 
Innovation ecosystems viewed from an affiliation perspective place “emphasis on breaking down 
traditional industry boundaries, the rise of interdependence and the potential for symbiotic 
relationships” (Adner, 2017, p.41).  The concept of interdependence from an economic 
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perspective has been used to explain client/supplier relationships and lender/borrower 
relationships as well as citizen/government relationships (Adner, 2017); therefore, it is a natural 
progression to borrow from this perspective to understand and apply an interdependence lens to 
analyze institutional affiliations and MIE participants’ engagement with institutions within a 
city’s innovation ecosystem.  
The routine interactions between institutions in a city’s innovation system are said to be 
the foundation for incremental innovation within a city (Johnson, 2008). The connections 
between firms and research institutions in the system provide interaction opportunities for 
developing both incremental and radical innovations. Interactions can be formal, such as part of a 
person’s job, or informal, such as a person expanding their personal network. These interactions 
of MIE participants across institutional entities increase opportunities for value creation within 
the MIE by facilitating the process in which ideas turn into a process, product, or service 
innovation that impacts the marketplace.  
One of the most impactful forms of interaction in an innovation ecosystem is knowledge 
sharing or unintentional knowledge spillover within the innovation system (Morgan, 2016). 
Intentional knowledge sharing can be in the form of explicit or tacit knowledge sharing. Explicit 
knowledge stems from management mechanisms in which knowledge can be easily captured, 
codified, and transmitted (Wang & Wang, 2012).  Explicit knowledge sharing comprises almost 
all the forms of knowledge sharing institutionalized within organizations and can be accessed via 
manuals, procedures, and technology systems. Whereas explicit knowledge can be acquired 
without face to face interactions, tacit knowledge is gained from personal experience and 
requires human interaction. Both tacit and explicit knowledge sharing interactions have support 
in the literature for impacting innovation speed and quality (Wang & Wang, 2012).   
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In addition to the mechanisms of affiliation, interaction, and knowledge sharing, policy 
also impacts innovation in an MIE.  If affiliation is the mechanism through which an MIE is 
developed, then interaction is the mechanism through which value is created within an MIE, 
which results in knowledge sharing.  Knowledge sharing functions as a process that impacts the 
quality of innovation and can be influenced by government policy to support, constrain, or 
stabilize innovation within an MIE. Policy acts as a conduit for innovativeness within an MIE; 
this conduit is formed by government authorities who make new policy plans and regulations 
typically with the aim to improve the situation and regulate resources (Geels, 2004). However, 
policy and regulation can also act to constrain rather than stabilize innovative activity. 
Innovation policy design and implementation functions tend to be confined to specific policy 
departments, with little or no coordination across policy silos. Such lack of coordination leads to 
sub-optimal policy frameworks that do not? address surplus resources and ignore systemic 
constraints, all of which leads to unbalanced policy that does not take both system strengths and 
weaknesses into account (Acs, et al., 2014).  
The MIE perspective provides a view of how cohesive sets of affiliations, interactions, 
institutions, and policies are orchestrated at city, county, and state levels to encourage 
synergistic, unique methods of problem solving and decision making. The emergence of these 
unique methods creates an environment for the MIE to foster and contextualize innovative 
concepts for development. In the next section, three separate and diverse literature streams will 
be used to construct a novel theoretical framework for exploring innovativeness in an MIE. 
2.2 Theoretical Framework 
 
This study expands what is understood about the theoretical foundations for 
innovativeness as it relates to a city’s innovation ecosystem. Given this focus, the theoretical 
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underpinnings of complex adaptive systems (CAS) (Holland, 1994) will be leveraged. However, 
additional explanatory and descriptive power will be added to this discussion using the structural 
elements of endogenous growth theory (EGT) (Romer, 1994) and the interactive elements of the 
open innovation paradigm (Chessbrough, 2003). By integrating these three theories within the 
constructs, this study leverages their synergy to build a conceptual model (see Figure 5) of a 
municipal innovation ecosystem.  The conceptual model depicts how innovativeness emerges 
from the affiliations and interactions of MIE participants.  More specifically, the model depicts 
how the affiliations and interactions are influenced by institutions and shows how the emergent 
innovativeness feeds back into the system and impacts other affiliations and interactions. 
 
Figure 5 
 
Conceptual Model of a Municipal Innovation Ecosystem 
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2.2.1 Complex Adaptive Systems 
 Complexity science is a common conceptual lens used to analyze systems in which 
component interactions result in the emergence of seemingly unpredictable patterns, behaviors, 
and structures (Holland, 1992; Roundy et al., 2018). This emergent behavior is a characteristic 
referred to as complexity (Lansing, 2003). Systems that exhibit complexity and have the capacity 
to change based on experience are referred to as complex adaptive systems (CAS) (Holland, 
1992). Many different types of phenomena can be classified as CAS, but all complex adaptive 
systems share six properties: (1) self-organization, (2) open but distinct boundaries, (3) complex 
components, (4) nonlinearity, (5) adaptability, and (6) sensitivity to initial conditions (Roundy et 
al., 2018). In the following paragraph, each of the six properties is explained. 
 Self-organization is order that emerges without a global controller (Nicolis & Prigogine, 
1977). In an MIE, boundaries are based on open but distinct geographic and socio-cultural 
characteristics. Complex components in regard to an MIE include the actors and their 
interactions as well as the resource feedback loops within the system. These feedback loops are 
evidence of the nonlinear structure of a CAS. The effects of the interactions and feedback loops 
produce continuous modification to the system that allow it to adapt to changing conditions. 
Lastly, CAS are sensitive to initial conditions, the beginning environment of a complex system 
that can help explain the current state of the system. Thus, historical origins of events and 
decisions are relevant to the MIE because they are an important source of the MIE’s identity, 
reputation, and culture (Roundy et al., 2018).  
2.2.2 Open Innovation  
Open innovation is defined as “the use of purposive inflows and outflows of knowledge 
to accelerate internal innovation, and expand the markets for external use of innovation, 
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respectively” (Chesbrough et al., 2006, p. 1). Chesbrough’s (2003) seminal work on open 
innovation presented an organizational model of actor participants who were externally 
orientated in seeking to commercialize both their own ideas and ideas that originated externally. 
At its most basic level, open innovation is anchored in the idea that sources of knowledge for 
innovation are widely distributed throughout the economy (Chesbrough & Bogers, 2014). This 
distribution stems from both intentional and non-intentional knowledge spillovers between actors 
within the economy. Chesbrough’s works were influenced in part by the earlier works of 
economists Kenneth Arrow and Nathan Rosenburg. Arrow & Nelson (1962) recognized that 
knowledge spillovers have a higher social return than a private return for investors engaged in 
knowledge creation. This recognition that knowledge from privately funded R&D efforts flows 
across a permeable boundary inspired Rosenburg (1990) to question why firms use their own 
money for basic research. Rosenburg found that research enhances a firm’s capability to utilize 
external knowledge (Chesbrough & Bogers, 2014; Rosenburg, 1990). Chesbrough (2003) 
proposed the open innovation framework as a solution for managing knowledge flows across 
permeable barriers to further innovation opportunities. 
Subsequent works have applied Chesbrough’s theory of open innovation to explore 
innovation collaboration between individuals, within industries, and within national systems 
(Chesbrough & Bogers, 2014). Open innovation is classified in one of three categories: inside-
out, for example, licensing internally created innovations; outside-in, for example, acquiring 
externally produced innovations; or coupled, for example, joint collaborations. Open innovation 
regarding economic systems is typically classified as coupled innovation.  
This study will analyze coupled innovation in Mobile’s MIE. A coupled innovation type 
involves actors who purposively manage mutual knowledge flows across their boundaries 
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through joint innovation activities (Bogers, 2011; Bogers et al., 2012; Chesbrough & Bogers, 
2014). A coupled approach to open innovation within a city is exemplified by actors who are 
focused on accessing the capabilities and strategies of a large number of partners and 
experimenting with a wide array of heterogeneous resources (Farraris et al., 2018).  Leckel et al 
(2020) applied open innovation to a bounded local region using the term local open innovation 
(LOI) defining the term as “a specific form of OI that constitutes a local intermediated network 
approach aimed at facilitating collaboration on concrete problems while at the same time 
establishing a regional innovation ecosystem of diverse organizations within a community” (p.1). 
2.2.3 Endogenous Growth Theory 
Classical economic theory identifies land, labor, and physical capital as the three basic 
factors shaping economic growth (Woolcock, 1998). However, in the 1960s, neoclassical 
economists such as T.W. Schultz (1962) and Gary Becker (2009) began to argue that human 
capital (population size, education, and training) determined how effectively the factors of 
production could be utilized (Woolcock, 1998),and that the social capital (relations and 
interactions of an economies’ participants) allowed for the combination of these skills to be 
efficiently applied toward common objectives. In his 1976 critique, Robert Lucas further 
expanded the rebellion against the Keynesian classical economic assumptions of economic 
outputs by arguing that a macroeconomic model of growth should be built as an aggregate of 
microeconomic behavior. As a result, partly due to the influences of economists like Becker and 
Lucas, Paul Romer (1994) proposed Endogenous Growth Theory (EGT).  
EGT posits that economic growth is primarily the result of internal instead of external 
forces (Romer, 1994) and proposes that investment in human capital, innovation, and knowledge 
alongside population growth are significant contributors to economic growth. EGT argues that 
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knowledge spillover effects from those investments will lead to economic development. Romer 
(1990) reasons that knowledge spillovers impact the economy because knowledge (in the form of 
ideas) is a non-rival good. In other words, the same idea can be used by any number of people; it 
has infinite utility. However, the number of rival goods determines the extent of their utility.  An 
example to explain the concept is that a recipe is an idea with no limit to the number of times it 
can be used, but the ingredients are finite, where the amount of food one can produce using the 
recipe is limited by the quantity and availability of the ingredients.  In this example, the recipe is 
a nonrival good and the ingredients are rival goods. 
The EGT model uses a variation of the Cobb-Douglas production function Y=F(A,X,L)  
in which economic growth (Y) equals the function (F) of ideas (A), rival goods (X), and labor 
population (L). Jones and Romer (2010) apply the EGT model to explain that the long run 
growth of an urban economy is positively impacted more by the increase of ideas that come from 
an increase in the population than it is negatively impacted by that increasing population’s 
consumption of the economy’s limited resources. Jones and Romer (2010) offer an individual 
model of endogenous growth y=mL in which (y) equals output per person, (m) is a cumulative 
variable such as human capital, and (L) is the number of people with whom an individual can 
share ideas.  
Although EGT has been criticized for offering a linear model of a complex phenomenon 
(Johnson, 2008) and is considered by some as an inferior approach when contrasted with the 
evolutionary approach to growth theory (Verspagen, 2001), Jones and Romer’s (2010) recent 
update to the theory as shown in the economic and individual models previously depicted 
includes dynamic variables to account for the complexity in explaining economic growth.  The 
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EGT equation influenced the structure of the hypothetical model used by this study to explain the 
innovation capability and capacity of individuals within an MIE.  
2.3 Constructs and Hypotheses  
 
The nomological net that encompasses all three previously presented theoretical 
frameworks includes the constructs of human capital theory, social capital theory, well-being, 
institution engagement, and innovative behavior. In the following sections, an overview of the 
constructs and the resulting hypotheses as they are related to this study is explained. 
2.3.1 Innovativeness in Municipal Innovation Ecosystems 
 
Innovativeness as defined in this study is “an individual’s behavior that aims to achieve 
the initiation and intentional introduction (within a work role, group or organization) of new and 
useful ideas, processes, products or procedures” (De Jong & Den Hartog, 2008, p. 23).  In this 
aspect, the concept of innovativeness is restricted to an individual’s intentional effort to provide 
beneficially novel outcomes (Jansen, 2000). Previous research has measured single dimensions 
of individual innovative behavior, such as role innovation (West, 1987) first to adopt (Rogers, 
1983), creativity (Amabile, 1982) and idea proposal (Van Dyne & LaPine 1998). Other works 
have measured multiple dimensions of individual innovation such as the generation, promotion, 
and realization of ideas (Axtell et al., 2000; Jansen, 2000; Scott & Bruce, 1994; West & Farr, 
1989). This study uses a scale developed by De Jong and Den Hartog (2008) to measure 
innovative behavior defined as “individual actions directed at the generation, introduction and or 
application of beneficial novelty at any organizational level” (p. 285). 
The multi-dimensional nature of collective innovativeness as an impactful component 
within a municipally bounded innovation ecosystem has found significant support in the 
economic and innovation literature (Cooke et al, 1990; Crevoisier, 2004; Florida, 2005). The role 
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of individual innovativeness in an MIE can be viewed from the perspective of innovation milieu 
or the perspective of regional innovation systems. The innovative milieu theory describes how a 
set of informal social relationships in a limited geographical area enhances the local innovative 
capability through collective synergy and collective learning processes (Armatli-Köroğlu, 2004).  
The regional innovation system perspective looks at how formalized regional and external 
innovation interaction among firms and other innovation organizations contributes to regional 
innovation potential (Cooke, 2002).  
In published works on individual innovativeness within a geographically bounded 
system, innovativeness is typically measured by behaviors such as the ability to transform 
knowledge and ideas (Romer, 1994) into new products, processes, or services (Acs et al., 2002). 
Studies that access innovativeness within a geographically bounded system typically use counts 
of patents and licenses (Beneito, 2006; Beugelsdijk, 2007) or R&D statistics (Nelson, 2009) as 
indicators of innovation. However, this approach has received criticism because of issues related 
to the underrepresentation of small firms in R&D statistics and an imbalance of patents 
concentrated more in the product than service sector (Makkonen & van der Have, 2013). 
Because of these criticisms, researchers have called for a more inclusive measure of innovation 
using composite measures innovation to include indicators such as R&D personnel as a 
proportion of the area population and actual innovation counts measured as product 
announcements (Makkonen & van der Have, 2013). Because of the issues identified with studies 
that rely on patent and R&D data for measuring innovation within a geographic region, this study 
focuses on the arguments contained in influential works from scholars such as Cooke and Porter.  
In Porter’s (2003) study that examines the economic performance of regions, he finds empirical 
support for the strength of network clusters as impacting innovativeness within a region; his 
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work presumes that the co-location of firms facilitates interactions and knowledge spillovers that 
result in innovation. In their study that looks at innovation in Northern Ireland, Cooke, Roper & 
Wylie (2003) argue that innovation networks offer firms a number of advantages such as shared 
risk, access to resources, and opportunities to accelerate innovation; their study finds that 
network qualities are the most important factor impacting innovativeness within a region.  
Because network qualities have found support for impacting innovativeness at the level of a city 
region (Cooke et al., 1997; Cooke, Roper & Wylie, 2003; Porter, 2000 ), this study will look at 
how network qualities such as resources operationalized as human capital and connectedness 
operationalized as social capital impact individual level innovative behavior within an MIE. 
2.3.2 Human Capital in MIEs 
The theory of human capital contends that concentrations of educated individuals and 
highly trained individuals lead to economic prosperity (Faggian et al., 2019). Although the 
theory of human capital can be traced back as early as Adam Smith in the 18th century, the theory 
remains of prominent importance as evidenced in the 2018 Nobel Prize in Economics that was 
awarded to Paul Romer for his work on the innovation driven approach to understanding 
economic growth. Human Capital theory remains prominent because advanced societies have 
increasingly evolved towards what has been called a “knowledge-based economy” (OECD, 
2006). A recent study of human capital found that innovation is a function of the number of 
educated people residing in a region (Berry & Glaser, 2005). Human capital functions as a social 
input that acts as a bonding agent in forming business clusters and as a bridging mechanism to 
connect skilled workers across industries; these bonds and bridges, resulting from human capital, 
are pathways that allow for innovation. In their 2005 study, Berry and Glaeser found that 
metropolitan areas are increasingly differing from one another in their levels of human capital, 
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and as such, cities with greater densities of educated people increase the probability of an MIE 
participant creating, acquiring or sharing new knowledge (Faggian et al., 2019; Hoyman & 
Faricy, 2009; Lawson & Lorenz, 1999). In addition to having support in the literature for 
impacting social capital, human capital has also found support in the economic and innovation 
literature as having a relationship with innovativeness within a municipal economy (Becker, 
2009; Jones & Romer, 2010; Benhabib & Spiegel, 1994). Therefore, the inclusion of human 
capital within this study is deemed appropriate.  As such, the following hypothesis is offered: 
H1. Human capital will relate positively to social capital. 
2.3.3 Social Capital and Connectedness in MIEs 
The relations and interactions that create and craft a social network can be examined by 
assessing the interactions of individuals in a social network (Adams, 2020). As previously 
described, patterns of interactions can reflect the type and amount of information that is shared 
with and by an individual; these patterns can also serve as indicators of social capital.  
Social capital is a sociological construct used to explain micro as well as macro levels of 
economic behavior (Hoyman & Faricy, 2009). The basic premise of social capital is that personal 
associations are a value-added resource for individuals to develop relationships and economic 
affairs; these association provide actors with collectively produced capital that can be used for 
achieving personal or collective gain (Hoyman & Faricy, 2009; Putnam, 1995). Both social 
capital and human capital are tied to innovativeness within a municipal economy (Florida, 2005; 
Glaser, 2002). Therefore, this relationship is appropriately assumed to apply to MIEs as well. As 
such, the following hypothesis is offered: 
H2. Social capital will relate positively to innovative behavior. 
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2.3.4 Well-Being in Municipal Innovation Ecosystems 
Well-being is a concept that captures aspects about how people experience their daily 
lives. Well-being is defined as the happiness, utility, and welfare of an individual or group 
(Costanza et al., 2008). It is also an indicator of the construct quality of life (QOL). While the 
QOL construct is not a variable of interest in this study, it does have a relationship with human 
capital and social capital, and as such, a quick explanation of QOL is warranted. QOL is the 
extent to which objective human needs are fulfilled in relation to perceptions of subjective well-
being; some opportunities to meet these needs include but are not limited to an individual’s 
human capital and social capital. While there is general consensus in the literature that well-
being is an indicator of QOL (Costanza et al., 2008; Khalil, 2008; Rapley, 2003), agreement on 
well-being indicators other than life satisfaction is still up for debate. 
Self-reported life satisfaction is a common indicator of well-being (Diener, 2009).  Other 
indicators of well-being include but are not limited to things such as physical health, social 
relationships, economic security, and satisfaction of basic human needs-such as shelter and 
security. Well-being is argued to serve as a proxy for individual utility in economic research 
(Frey et al., 2002).  Well-being also has empirical support in the economic literature as having a 
relationship with micro and macro-economic factors including human and social capital.  and is 
found to have a significant and positive relationship with individual level innovative behavior 
(Dolan & Metcalf, 2021; Wang et al., 2017).  Well-being matters in regard to innovation in an 
MIE because the desire for satisfaction in income, health, education, and other life facets 
motivates people to act (Cumings et al., 2012; Rapley, 2003). Economic and innovation literature 
has found well-being to have a relationship with both social and human capital and innovative 
behavior (Abdul-Hakim et al., 2010; Fafchamps & Minten, 2002; Narayan & Cassidy, 2001) 
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This relationship is appropriately assumed to apply to the hypothesized model of an MIE. As 
such, the following hypothesis is offered: 
 H3. Well-being will mediate the relationship between social capital and innovative 
behavior. 
2.3.5 Institutions in MIEs 
Institution engagement within a region is recognized as impacting economic growth and 
innovation (Etzkowitz & Leydesdorff, 2000).  The interconnectedness of institutions represents 
an array of linked industries and institutions important to economic performance (Porter, 2000). 
For example, wine clusters in California are an example of geographic interactions between 
interconnected companies; examples of institution engagement include but are not limited to the 
interactions between grape growers, farm equipment makers, wine makers, advertising firms, CA 
state senate committees, and University of California, Davis (Porter, 2000).  
Institution engagement results from the connections, communications, and negotiations 
between institutional partners (Etzkowitz & Leydesdorff, 2000).  As such, engaging in 
interactions with institutions is important because the institutional environment of a region can 
impact social and territorial embedded collective learning and innovation (Muscio, 2006). 
Granstrand and Holgers in 2020 constructed a model to depict the interactions between the 
institutional components (see Figure 6) of a municipal innovation ecosystem.  In the model, 
arrows represent the interactions between different entities. Within entity types, for example 
between two actors or between two artifacts, the arrows may include complementary and 
substitute relations, and between entity types they may include ownership and usage rights, 
transformative relations, and externalities. 
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Figure 6  
Institutional components of an MIE (Granstrand & Holgers, 2020) 
 
  Business, government, and academic institutions have been recognized in the economic 
and innovation literature as an important factor that influences innovative behavior in a 
municipal economy (Jackson, 2011).  As Etkowitz & Leydesdorff (2000) write, “The 
institutional layer can be considered as the retention mechanism of a developing system” (p.100). 
Therefore, the relationship is appropriately assumed to apply to MIEs as well. As such, the 
following hypothesis is offered: 
H4. Institution engagement will positively moderate the relationship between social 
capital and innovative work behavior. 
2.4 Hypothetical Model 
 
The research model as shown in Figure 7 illustrates the study’s hypotheses associated 
with the constructs of human capital, social capital, well-being, innovativeness, and institution 
engagement. The model explains how an MIE participant’s capacity for knowledge creation and 
sharing impacts the formation of their social network; the extent to which knowledge transfer 
results in innovativeness depends on both personal resources (human capital, social capital, well-
being) and external environmental factors (institution engagement). 
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Figure 7  
Hypothesized model of innovativeness within an MIE  
 
Institution 
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         Human Capital Social Capital Innovative 
Behavior 
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Chapter 3: Methodology 
Due to the complex and dynamic nature of an MIE, a rich mix of methodological 
techniques was employed to explore the factors that impact innovativeness within an MIE. In the 
following sections the research design is explained in detail. A description of the target sample 
and sampling procedure follows, and lastly, an overview of the data collection and data analysis 
procedures is presented. 
3.1 Research Design 
 
This study employed a mixed methods design. A mixed methods design collects, 
analyzes, and mixes both qualitative and quantitative data within a single study to understand a 
research problem holistically ( Creswell & Creswell, 2017) and to enhance the integrity of the 
study’s findings (Schoonenboon & Johnson, 2017). Mixed methods approaches are ideal when 
the purpose of the study is to explain complexity (Schoonenboon & Johnson, 2017) and neither 
quantitative nor qualitative methods by themselves are sufficient to capture the dynamic nature 
of complexity. This study applied a sequential/dependent design (Teddlie & Tashakkori, 2009). 
It began with qualitative data collection and analysis followed by quantitative data collection and 
analysis. The design is dependent because the qualitative interview results were used to inform 
the development of the quantitative survey. The quantitative survey results were then used to test 
a hypothesized model of the MIE in Mobile, AL. 
This study used a case study design; a case study is a type of ethnographic design 
(LeCompte & Schensul, 1999) and is an exploration of a “bounded system” or a case over time, 
through detailed, in-depth data collection involving multiple sources of information and rich in 
30 
 
context (Merriam, 1988). The case study design was used for collecting and analyzing the 
qualitative and secondary data on Mobile’s ecosystem. 
3.1.1. Mixed Methods 
Mixed methods research seeks knowledge using a pragmatic lens to sequentially or 
concurrently collect quantitative and qualitative data. This approach uses both emergent and 
predetermined methods to develop an understanding of what works to provide the best 
understanding of the research problem (Creswell & Creswell, 2017). The pragmatic paradigm 
guides the overall goal of mixed methods research--to combine qualitative and quantitative 
research components for expanding and strengthening a study’s conclusions. 
 A mixed methods study has several primary characteristics to be considered during the 
design process (Schoonenboon & Johnson, 2017). As such, the primary design “dimensions” are 
discussed briefly to provide a rich description of this research, which incorporates the following 
elements: purpose of mixing, theoretical drive, timing, point of integration, typological use, and 
degree of complexity.  
The mixing purpose of this study was to expand the range of inquiry for understanding 
municipal innovation ecosystems. A study with an expansion intent aims for increasing scope 
and breadth by including multiple components (Greene et al., 1989). This expansion purpose is 
commonly illustrated using qualitative methods to assess program processes and by quantitative 
methods to assess program outcomes (Greene et al., 1989). 
The theoretical drive of this study was quantitatively driven while qualitative interview 
data informed development of the quantitative survey tool whose results were used to test a 
hypothetical model of Mobile’s innovation ecosystem. In mixed methods designs, the component 
that corresponds to the theoretical drive is referred to as the “core” component and the other 
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component is called the “supplemental” component; the core component is written in capitals 
and the supplemental component is written in lowercase letters qual → QUANT (Morse & 
Niehaus, 2009). Because of the decisive character of the core component, it must be able to stand 
on its own and should be implemented rigorously. The supplemental component does not have to 
stand on its own (Schoonenboon & Johnson, 2017). The Morse notation, qual → QUANT, also 
indicates sequence and timing. The reliance on the qualitative interview results to inform the 
development of the quantitative survey is an example of a dependence, while the order of qual 
before QUANT indicates sequential as opposed to concurrent data collection; sequentiality is 
indicated with a “→.”  
A sequential design that conducts qualitative data collection and analysis before the quantitative 
data collection is deemed an exploratory sequential design typology (Creswell & Creswell, 
2017). This study used an exploratory sequential approach to qualitatively explore the views of 
the participants in Mobile’s innovation ecosystem. The goal of the qualitative analysis was to 
develop a deepened understanding of MIE participants’ perceptions of MIE components.  The 
results from the qualitative analysis provided insights that were applied to the quantitative phase, 
which investigated the effect of intrapersonal resources on innovative behavior in Mobile’s MIE. 
This study’s qualitative research relied on small samples of purposively selected participants to 
collect and analyze interview, observational, and conversational data from an interpretive lens. 
The interpretive approach acknowledges subjectivity and requires reflexivity on the part of the 
researcher to reflect on their subjectivity by thinking about how their personal attributes and 
interpersonal connections might influence data generation and analysis. (Hennink, et al., 2011). 
The interpretive paradigm is an emergent approach that focuses on identifying issues from the 
perspective of the participants; this paradigm guides the purpose of qualitative research-to apply 
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a process of inquiry to develop an understanding of behaviors, beliefs, and processes (Hennink, 
et al., 2011).  
 Alternatively, quantitative research uses a postpositivist lens to statistically analyze large 
samples of survey or secondary data collected from random or purposively selected participants 
(Creswell & Creswell, 2017). The postpositivist approach develops knowledge based on careful 
observation and measurement of an objective reality. This predetermined approach applies the 
scientific method of theory testing to assess the causes that influence outcomes. The postpositive 
paradigm guides the primary purpose of quantitative research--to reduce a complex problem to a 
limited number of variables.  
3.2 Population and Sample  
 
The target population of this study were the people who live and/or work in Mobile, AL. 
MIE participants include entrepreneurs, investors, researchers, venture capitalists, business 
developers, policy-makers, the Mobile workforce and students. Because the author works within 
Mobile’s innovation ecosystem, ethnographic knowledge was a determining factor for selecting 
participants in the purposive sample for the qualitative phase.  
An online Qualtrics panel was used for data collection in the quantitative phase. An 
online panel is an electronic data base of respondents willing to participate in online studies 
(Callegaro et al., 2014). Qualtrics Panels (Qualtrics) is a full-service source for professional 
panel samples that represented approximately 5.6% of business related and online-based sample 
studies from 2006 to 2017 (Porter et al., 2019). Professional panels enable researchers to address 
concerns of external validity that are challenges for most other online and student samples. For 
example, Qualtrics utilizes automated tolls that can require minimum page viewing times and 
can apply speed checks, among other requirements, that help control for invalid responses (Holt 
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& Loraas, 2019). Qualtrics also encourages pilot testing of up to 10% of the desired sample size 
to check completion times, randomization across treatments, and demographics (Holt & Loraas, 
2019). Together, these actions help to ensure high data quality. 
3.3 Interview and Survey Design  
 
This study used interviews and surveys as data collection tools. The content for the 
interview questions was curated from the daily observations as recorded by the researcher during 
her participation in innovation related activities in the city of Mobile. A detailed description of 
the interview focus, questions, and procedures is explained in this paper’s section on qualitative 
interview design. 
 In the second phase of this study, a quantitative survey was used to collect data for both 
hypothesis testing and constructing a network model. The content of the survey questions was 
driven partially by analyzing the qualitative interviews and partially by the literature on 
innovation within an MIE. A detailed description of the variables, indicators, and the rationale 
for their conclusion is explained in this paper’s section on quantitative survey design. 
3.3.1 Qualitative Interview Design The qualitative instrument employed a semi-
structured interview design. The primary technique used in the qualitative data collection was 
telephone interviews with each of the predetermined six participants. The participants were 
informed of their rights as participants in the research prior to engaging in the interviews. The 
interview protocol included 20 broad, open-ended questions designed to provide a holistic 
picture of ecosystem components, actors, actor activities, and actor perceptions. The questions 
focused on the following components: 
• Key organizations in the ecosystem 
• Thought leaders in the ecosystem 
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• Ecosystem metrics 
• Key events that drive innovation 
• Individual perceptions of ecosystem performance 
• Individuals’ role in the ecosystem 
The interview protocol was pilot tested on an executive director for economic 
development of a Connecticut city similar to Mobile in population size. 
 After reviewing the feedback from the interview protocol pilot test, slight changes were 
made to the wording for the question focused on the impact of policy on innovation. The 
participants received the interview questions via email prior to the scheduled phone interview. 
During the phone interview, conversations were transcribed in real-time by the researcher using 
Microsoft Word. The transcribed responses were read back to the participants to confirm that 
their responses were recorded accurately.  Each interview lasted approximately 30 minutes. 
3.3.2 Quantitative Survey Design 
The quantitative survey consisted of a mix of fill in the blank and closed ended questions.  
Data collection efforts began July 1, 2020 and ended in November 2020 once a sufficiently sized 
sample pool had been achieved.  Qualtrics settings allowed for the respondents to leave the 
survey and return within 48 hours’ time. The settings did not allow for participants to take the 
survey more than once. Participants had to select the option to consent prior to gaining access to 
the survey questions.  
The questionnaire was comprised of three types of indicators: (1) established scales for 
reflectively measured constructs; (2) self-reported individual demographics, some of which will 
be used as indexes for formatively measured constructs; (3) fill-in-the-blank questions for 
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collecting the respondent’s workplace or details if the option “other” was chosen. Table 1 
presents an overview of the constructs and indicators used in the quantitative survey. 
Table 1  
Summary of Municipal Innovation Ecosystem Instruments 
Authors 
& Year 
Instrument 
Name 
Number of 
Items 
Answer 
Choices 
Reliabilities 
and Key 
Statistics 
de Jong 
& den 
Hartog 
Innovative 
Work Behavior 
6 items 5-point 
Likert-like 
α=.82; M=3.23; 
SD=.68 
Williams, 
2006 Social Capital 
10 items- 2 
dimensions 
5-point 
Likert-like 
α=.91; 
M=3.861; 
SD=.704 
Rath & 
Harter, 
2010 
The Well-
being 5 
5 items- 1 
composite 
scale 
7-point 
Likert-like 
α=NA; 
M=4.128; 
SD=.914 
NA Institution 
Engagement 
2 items- 2 
dimensions,1 
composite 
score 
multiple 
choice 
α=NA; 
M=2.435; 
SD=1.024 
NA Human Capital 4 items-1 
composite 
score 
multiple 
choice 
α=NA; 
M=5.104; 
SD=1.296 
 
 The first section of the survey utilized an established scale to measure self-reported 
innovative behaviors at work. The six items in this section were measured using a 5-point Likert-
like scale ranging from never to always. This scale is an established reliable measure of 
innovativeness at work (De Jong & Den Hartog, 2008).  The scale items measured employee 
self-ratings of innovative output in terms of how often they offered suggestions, contributed to 
innovations or new product development, or acquired new customers or new knowledge. The 
items are reflective measures of innovativeness; the items have empirical support for reliability 
with a Cronbach’s alpha of .87.  
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The second section of the survey utilized an established scale to collect participants’ 
perceptions of their social interactions.  The ten items in this section were measured using a 5-
point Likert-like scale ranging from strongly disagree to strongly agree. This scale is an 
established reliable measure of social capital (Williams, 2006).  The scale items measured 
respondent perceptions of social interactions in terms of bridging social capital, such as 
willingness to meet new people and bonding social capital such as the reliability of close friends. 
The items are reflective measures of social capital; the items have empirical support for 
reliability with a Cronbach’s alpha of .91.  
The third section of the survey measured participant well-being. The questions in this 
section were 7-point Likert-like scales ranging from strongly disagree to strongly agree. The 
scale items measured respondent perceptions about their community, financial security, and 
mental and physical well-being. These measures were recently used in Gallop’s 2018 community 
well-being index and put forth as a holistic measure of well-being in Rath & Harter’s (2010) 
work on the five essential elements of well-being. Six items served as formative indicators of the 
individual well-being construct within the hypothetical model; one reflective measure of global 
well-being is included in this section. 
The fourth section of the survey collected information on institution engagement by 
asking participants for the frequency of interactions with the institutions as well as the type of 
interaction and value of interacting with the institution. The importance of institution 
engagement on an innovation ecosystem was presented by Etzkowitz & Leydesdorff (2000) in 
their groundbreaking research on the triple helix of university-industry-government relations. 
While there is a lack of consensus on how institution engagement is measured, the approach 
taken by this study built an index measure of institution engagement using the perceived value of 
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interactions and frequency of interactions between individual MIE participants and institutions.  
The formative measures were correlated with the reflective continuous measure of type of 
interaction, which was measured on a 7-point scale ranging from sharing innovative ideas to 
implementing innovation focused policies. 
The sixth and final section of the survey collected demographic data that were used to 
both provide information on the sample’s characteristics and build an index of human capital. 
Measures included in human capital index included education, tenure, income, and experience. 
While historically most research used only education (Kalaitzidakis et al., 2001) or a 
combination of education and income (Le et al., 2005) to measure human capital, other studies 
such as those of Frank & Bemanke (2007) and Rodriguez & Loomis (2007) advocate for 
including measures of training and experience in constructing a composite of human capital 
(Kwon, 2009). A single item that reflectively measured human capital was used to validate the 
formative measurement. Table 2 depicts the order of the instruments for the quantitative survey. 
Table 2  
 
 
3.4 Data Collection 
 
 Data collection took place across three phases. The first phase of data collection consisted 
of qualitative interviews with predetermined MIE participants.  The second phase of data 
 Quantitative Survey Instruments Order
Order 
Number
1
2
3
4
5
6
7
Note . IMC= instructional manipulation check.
independent variable human capital
independent variable social capital
IMC 
Instrument
dependent variable: innovativeness
mediating variable well-being
moderating variable institiution engagement
demographic screening questions
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collection consisted of online surveys using Mechanical Turk to generate data for a pilot test of 
the hypothesized relationships. The third phase of data collection consisted of recruiting a 
Qualtrics panel.  Details on the data collection procedures are explained in the following data 
collection sections of this paper.  
3.4.1 Qualitative Data Collection 
The qualitative phase in this study focused on exploring MIE participants’ language and 
actions through observations and interviews. Observations and interviews are common 
components of research that has an ethnographic design.  
Innovation ecosystem participants were categorized as working within one of the three 
institutions that make up the city’s innovation ecosystem: academic, economic, and government. 
Six participants, two from each of these three institutions, were interviewed. The interviews were 
conducted via telephone over a four-month period from December2019 through March 2020. 
The purpose of these initial interviews was to collect data on participants’ perceptions of 
innovation related activities within the city of Mobile. The goal of the interviews was to uncover 
a deeper understanding of the activities, social connections, and perceptions of innovation 
ecosystem participants in order to answer the secondary research question, “How do academic, 
political and economic institutions contribute to the composition and development of the 
innovation ecosystem in Mobile, AL?” 
 3.4.2 Quantitative Data Collection 
 The second, quantitative phase in the study focused on understanding how the roles, 
perceptions, and activities uncovered in the first phase of this study explained the factors that 
impact innovativeness within an MIE. The pilot data collection procedure employed Mechanical 
Turk workers; because this research was being carried out during a worldwide pandemic related 
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to the spread of COVID-19, the online crowd-sourced sampling approach to pilot data collection 
was appropriate.  The pilot data collection was used to confirm the nomological validity of the 
proposed model.  The results from the pilot data were used to refine the hypothesized 
relationships in the proposed model. 
 The third, quantitative phase collected survey data from MIE participants to use in testing 
the hypothetical model of innovativeness within the Mobile MIE. The goal of the quantitative 
data collection was to explain innovativeness in Mobile’s MIE as related to social and human 
capital.  
3.5 Data Preparation 
 
3.5.1 Qualitative 
 For the preparation of the qualitative interview data, the following steps were taken: (1) 
Interviews were transcribed in real time onto a separate word document for each interview; (2);  
Responses were read back to the participant for each question to verify the accuracy of the 
transcription; (3) At the conclusion of each interview, reflective notes were added to the 
document to capture feelings, insights, and ideas inspired by each interview; (4) All participant 
responses were combined into a single document for automatic content analysis. 
3.5.2 Quantitative 
For the preparation of the quantitative survey data, the following steps were taken to 
ensure that the resulting dataset was clean, valid, and reliable: (1) Removal of inattentive 
respondents; (2) Detection of missing data; (3) Confirming variance; and(4) Detection of 
outliers. In the following paragraphs, details are provided on how each step was carried out. 
Research suggests that the removal of survey respondents due to inattentiveness reduces 
noise in the dataset (Berinsky et al., 2014). There are multiple methods that can be used for 
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detecting inattentive survey participants, such as attention checks to detect respondents who are 
either not reading the questions carefully or answering questions at random. One attention check 
is included in this survey. Analysis of participants’ responses to the attention check was 
performed, and respondents who failed the attention check were removed from the dataset. 
The time that a respondent spends answering a survey can serve as another indicator of 
attentiveness. Analysis of participants’ completion time can identify speeders (Rossmann, 2010). 
Respondents who finish the survey in less than 60 percent of the median completion time can be 
considered as speeding through the survey rather than carefully and thoughtfully completing it 
(Greszki et al., 2015). Participants who completed the survey in less than 50 percent of the 
median competition time were removed from the sample. 
Forced responses are a useful tool in reducing the possibility of missing data within a 
dataset. For this study, the online survey was structured so that respondents were forced to 
answer questions before they could progress to the next section of the survey. However, forced 
answering did not prevent respondents from simply dropping out of the survey prior to 
completion. Participants who did not complete the survey were removed from the sample set.  
Treatment of partially missing data depended on the type of data missing.  For Likert-like 
scale items missing data, the item mean was imputed.   
Variance is a key component for statistically analyzing variables. Generally, variables 
that produce minimal variation may not be validly measured and may need to be dropped (Ruel 
et al., 2015). Variation for all variables in the dataset was analyzed by running a descriptive 
statistics report in SPSS that contained the mean and standard deviation of each variable.  
Outlier data are observations with uniquely different combinations of characteristics that 
are distinctly different from other observations. Because outlier data can impact empirical 
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analysis, it is important to assess a dataset for outlier data. Outliers can exist at the univariate, 
bivariate, and multivariate levels. The dataset was assessed for univariate outlier variables by 
utilizing SPSS to compute standardized scores. The standardized scores were imported to Excel, 
and conditional formatting was applied to highlight standardized scores below -2.5 and above 
2.5. The dataset was assessed for multivariate outliers by utilizing SPSS to compute Mahalanobis 
D2. Outliers often arise from both researcher and participant error, but they can also arise because 
the observations come from a population other than the population of interest. However, outliers 
typically are not deleted from a dataset prior to measurement confirmation (Pek & MacCallum, 
2011).  
3.6 Data Analysis 
 
In this study, multiple iterations and approaches were used for data analysis.  For the 
qualitative analysis, an automated content analysis as well as a manual content analysis approach 
was used.  For the quantitative analysis of both the pilot data and the study sample, PLS SEM 
was applied.  In the following sections, the steps used in the qualitative and quantitative analyses 
are described in detail. 
3.6.1 Qualitative Data Analysis 
The qualitative research process is cyclic in nature where inductive reasoning 
continuously alternates with deductive reasoning. (Hennink et al., 2018). A conceptual 
framework in qualitative analysis provides focus, structure, and clarity to the concepts in the 
study (Hennink et al., 2010).  The conceptual framework depicted previously in Figure 5 was 
used to guide coding and analysis of the interviews.  
    The data was initially explored manually using a content analysis approach. The steps 
employed in this approach included: (1) reading through the transcripts and writing memos; (2) 
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coding the data; (3) aggregating codes to develop themes; (4) connecting and interrelating 
themes; and (5) constructing a narrative (Creswell & Creswell, 2017). The data was then 
explored using Leximancer. Leximancer software is a validated textual analysis tool that can be 
used to understand the content of collections of textual documents and to visually display the 
extracted information (Smith & Humphreys, 2006). The Leximancer software was used in this 
study to aid in the development of codes for categorizing, comparing, and conceptualizing 
interview data. As recommended by Verreynne, Parker, and Wilson (2013), combining both 
software and manual analytical approaches provides a robust basis for delineating the concepts 
and themes derived from qualitative data.  
 The manual content analysis of interview data revealed patterns in the participants’ 
perceptions of the organizations most actively involved in Mobile’s innovation ecosystem. 
Additionally, patterns emerged in participants’ perceptions of thought leaders within Mobile’s 
innovation ecosystem. Lastly, a pattern emerged that identified events and programs that 
participants viewed as being an important part of the innovation ecosystem. Table 3 depicts the 
three categories of patterns that emerged from the manual content analysis. 
Table 3  
Categories and Emergent Patterns from Content Analysis 
Active Organizations Thought Leaders Events and Programs 
Small Business Development 
Council (SBDC) 
 
Mobile Area Chamber of 
Commerce (MACC) 
 
Innovation PortAL 
The University of South 
Alabama 
 
Springhill College 
 
Mayor’s office 
 
Chamber president 
 
County commissioners 
 
Supplier Diversity Manager--
City of Mobile 
 
Executive Director of 
Innovation PortAL 
 
Start Up Weekend 
 
MACC Events 
 
i-Corps at South Alabama 
 
SBDC Events 
 
Biz Con 
 
Senior Bowl Summit 
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Active Organizations Thought Leaders Events and Programs 
University of Mobile 
 
The Hatch 
 
The city government 
 
AL regional planning 
commission 
 
Fuse factory 
 
Container Yard 
 
Exchange 202 
Assistant Vice President for 
Research Innovation-USA 
 
Executive Director of SBDC 
 
Executive Director of the 
Melton Center for Innovation 
and Entrepreneurship-USA 
 
Founder of Exchange 202 
 
Founder of Ship Shape Urban 
Farms 
 
Focus Conference 
 
RAMP 
 
Pitch Competitions 
 
Research Conferences 
 
Entrepreneurship Conferences 
 
Social Innovation Conferences 
 
Industry Conferences 
 
 Automated content analysis was performed using Leximancer. This analytical software 
package uses ontological relativity and dynamics to structure and evaluate concepts (Cummings 
& Daellenbach, 2009; Verreynne, et al., 2013). The software generates a concept map to depict 
relationships through visual summaries of concepts and their co-occurrences by using three 
indicators: shading, closeness, and centrality. The software also generates topic guide that 
contains a thematic analysis and a coding thesaurus. Prior research has found Leximancer to be a 
reliable analysis tool with regard to stability and reproducibility (Cummings & Daellenbach, 
2009; Smith & Humphries, 2006; Verreynne, et al., 2013). 
 For the first step in the automated analysis, the most commonly used words were 
identified along with their frequency. Excluding articles of speech and prepositions, the top ten 
most frequently used words are depicted in Table 4.  
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Table 4  
Content Analysis Word Frequency 
 
Leximancer uses natural language to title concepts by the most used word in the 
aggregation. The concept map generated in Leximancer is depicted in Figure 8. Examples of 
representative quotes that correspond to identified concepts and manually derived themes are 
presented in table 5.  
 
Figure 8  
 
Content Analysis Graph 
Concept Map of Automated Content Analysis 
 
Rank Word Frequency
1 innovation 31%
2 ecosystem 15%
3 city 9%
4 business 9%
5 chamber 7%
6 portal 7%
7 development 6%
8 usa 6%
9 melton 6%
10 mobile 5%
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Table 5  
 Representative Quotes of Concepts 
Automatic 
Theme 
Categories 
Ecosystem 
 
 
 
Innovation 
 
 
Level 
 
 
 
 
Center 
 
 
 
 
Growth 
 
 
 
USA 
 
 
Impact 
 
 
Development 
 
 
 
 
 
Measure 
 
 
 
 
Mobile 
 
 
 
Local 
 
 
 
icorps 
 
Representative Quotes 
 
There is a concentrated effort to connect components in the ecosystem so 
that they are stacked and feed into one another. The ecosystem just started 
growing over the past 5 years. 
 
We monitor our licensees to see if they’re filing any new patents based on 
innovations. This helps expand their IP protection and gives us an 
indication of product innovation. 
 
The state of our innovation ecosystem is functioning well, in comparison 
to similar cities our ecosystem is above average in creating 
innovation. But this depends on the maturity of the ecosystem, we are 
younger, so we are doing well for being young. 
 
Innovation portAL will be the first business accelerators within the city, 
one came from Auburn, but it was corrupt. Co-working spaces within the 
city are the exchange 202, container yard, midtown works, the grind, 
regus, the hatch, innovation portal. 
 
The next focus is sustainable growth. Other roles focus on both campus 
responsibilities and community relations. 
 
My office manages the intellectual property portfolio for USA, negotiates 
agreements for collaborations with outside entities, and assists faculty-
based startups. 
 
I participate in forming policy that may impact the innovation ecosystem 
by working on University policy regarding startups, funding, conflicts, 
patents, copyright, use of USA facilities by corporate partners, etc. 
 
PNC has asked for Melton to model after Birmingham’s minority business 
development programs which then can feed into accelerator 
programs. One of our pillars at Melton center is social entrepreneurship, 
we recruit nonprofits to work with students, an example is MBNEP 
(estuary). 
 
We track faculty-based startups only. We measure their progress in 
particular over the first 5-7 years since this is a startup window for a 
biotech company. Measurement of innovation within city boundaries is 
only done anecdotally and maybe in an informal qualitative aspect. 
 
Savanna ecosystem success is an outgrowth of Savanna college of art and 
design, Charleston is a comparable city, Chattanooga is aspirational for 
Mobile. State funding is very impactful, difference between a focus on tax 
cuts vs organic growth. 
 
The University typically does not bring money to the table for 
collaborations etc. so that is very restrictive in engagement local business 
in research development and potential innovative discovery. 
 
I attend Start up weekend, icorps, ramp, chamber events, University of 
Mobile trained pastors to help parishioner entrepreneurs, bizcon coming 
up in April, and programming at coworking spaces, 
Manual Theme 
Categorization 
 
MIE Maturity 
 
 
Innovation Types 
 
 
 
MIE 
Performance 
 
 
 
Key 
Organizations 
 
 
 
Sustainable 
Growth 
 
Institutional 
Impact on MIE 
 
 
Policy 
 
 
Economic 
Development 
Efforts 
 
 
 
Innovation 
Metrics 
 
 
 
Municipality 
Characteristics 
 
 
Municipality 
Characteristics 
 
 
Innovation 
events and 
programs 
46 
 
Patterns identified in the manual analysis and concepts identified in the automated 
analysis produced a holistic picture that describes the roles, activities, and perceptions of key 
participants in Mobile’s innovation ecosystem.  Figure 9 depicts the proposed conceptual model 
of Mobile’s MIE. Of the events and collaborations discussed in the interviews, the i-corps 
program was one event where all three institutions collaborated for the purposes of innovation.  
The implications of this finding are described in more detail in chapter 5. 
Figure 9 
 
Conceptual Model of Mobile’s MIE  
Collaborations in Mobile’s MIE
 
 The innovation ecosystem of Mobile is a newly developing complex system that relies 
on the interactions of a diverse group of participants working toward improving policies and 
expanding opportunities for developing innovation within the city with the hopes of increasing 
economic growth. The findings from the qualitative data collection and analysis were used to 
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provide additional insights into MIE participant perspectives and to inform the development of 
the quantitative survey. 
3.6.3 Quantitative Data Analysis 
Because this research is exploratory in nature, PLS-SEM was applied to further 
investigate the relationships between the constructs of interest. Smart PLS software (Ringle, et 
al., 2014) was utilized for the Partial Least Squares Structural Equation Modeling (PLS-SEM) 
analysis. PLS-SEM applies Ordinary Least Squares (OLS) regression in an iterative sequence to 
minimize the error terms of endogenous constructs (Hair et al., 2017) and to maximize the R 
squared values of the target constructs. In contrast, Covariance Based SEM (CB-SEM) estimates 
model parameters following a common factor model logic so that the discrepancy between 
estimated and sample covariance matrices is minimized (Hair, 2017).  
PLS-SEM is the preferred method when the research objective is explanation of variance 
(Hair et al., 2011). PLS-SEM calculates composites of indicators that serve as proxies for the 
constructs of interest. A composite is a weighted linear combination of observable indicators, 
and in contrast to the common factor model, the indicators of a composite variable do not 
necessarily share a common cause (Schuberth, 2018). An advantage of using a composite score 
in PLS-SEM in comparison to a factor score in CB-SEM is that a composite score is a 
determinant measure of the latent variable, while the factor scores used in CB-SEM are estimates 
that may suffer from indeterminacy (Hair, 2017).   
As with all structural equation modeling, the first step in data collection and analysis is to 
specify the structural model. By drawing upon the literature in innovation and economic 
development, a structural model for this study was constructed to explain innovativeness within 
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an MIE. The structural model depicted in Figure 1 contains a mix of reflectively and formatively 
measured constructs.  
A PLS SEM measurement model should be confirmed using the Confirmatory Composite 
Analysis (CCA) process before the structural model can be assessed (Hair et al., 2020; Henseler 
et al., 2015; Schuberth et al., 2018). See Table 6 for model assessment tests. CCA is an emerging 
technique for confirming linear composite constructs in measurement models (Hair, et al., 2020; 
Schuberth et al., 2018). The CCA approach computes composite scores from linear combinations 
of sets of indicators to represent the concepts in the structural model. The results of the 
measurement CCA are presented in the results section of this paper. 
Table 6  
Model Assessment Testing (Hair, 2017, p. 64) 
 
 
While the measurement model represents the relationships between the constructs and 
their corresponding indicator variables, a structural model describes the relationships between 
the latent variables. When assessing the structural model, the first step is to check for 
Assess Coefficients of determination- R squared (>.25)
Assess predictive relevance- Q squared (> 0)
Assess size and significance of path coefficients (use bootstrapping p-values <.1)
Assess effect sizes- f squared (>.15), q squared (>.15)
Assess collinearity of predictor variables- variance inflation factor (.2 > VIF < 5)
Reflective Measurement Model Formative Measurement Model
Evaluation of the Structural Model
Assess internal consistency- Chronbach's alpha (>.7) & 
Composite reliability (>.6)
Assess convergent validity- indicator reliability (>.5) & 
average variance extracted (AVE>.5)
Assess discriminant validity- heterotrait monotrait (CI does 
not contain 0), Fornell Larcker (LV sq rt AVE higher than all 
LV correlations)
Assess convergent validity- alternative measure using a 
global reflective indicator (LV and global measure 
correlation of at least .7)
Assess indicator collinearity (VIF <  5)
Assess significance & relevance of outer weights (>.5)
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multicollinearity of reflexively measured constructs by examining Variance Inflation Factor 
scores (VIF) of construct indicators.  
The next step in structural model analysis is to examine the size and significance of the 
path coefficients. The most common metric for assessing a model’s predictive power is the 
coefficient of determination (R2). Another measure of predictive ability in a model is effect size 
(f2). Smart PLS automatically calculates F2 by systematically removing each predictor construct 
from the model and calculates a new R2 to determine the most meaningful predictors of the 
dependent construct. The results of the measurement model and structural model assessments are 
presented in the results section of this paper. 
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Chapter 4: Results 
The purpose of this study was to test a hypothetical model that explores how human 
capital, institution engagement, social capital, and well-being affect individual level innovative 
behavior within an MIE.  The research questions addressed in this study were the following: (1) 
What are the factors that impact individual level innovative behavior within a municipal 
innovation ecosystem? and (2) How do academic, political, and economic institutions contribute 
to the composition and development of the city’s innovation ecosystem? The results presented in 
the following sections are based on survey data collected from 143 participants in Mobile’s MIE.  
First, the data set was cleaned and assessed to ensure data quality and integrity.  Once the data 
was prepared for analysis, the descriptive statistics for the latent variables and sample 
characteristics were aggregated; next, the measurement model was confirmed, and the structural 
model assessed.  PLS-SEM was then applied to test the hypothesized relationships put forth by 
this study. Lastly, hypothesized mediation and moderation effects were assessed. This chapter 
concludes with a summary of the results. 
4.1 Assessing Data Quality 
 
 The raw data set contained 209 responses; forty respondents were removed for writing 
nonsense into the fill-in-the-blank questions, 17 respondents were removed for speeding 
(completion times less than 40% of the average completion time), and 7 respondents were 
removed for not following directions. After executing the preparation and cleaning steps
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described in the previous chapter, the resulting clean data set retained 142 respondents.  In any 
data set, the required sample size should be determined by a power analysis based on the number 
of predictor variables. The minimum sample size necessary to detect a target R squared value for 
.25 for a  significance level of  level of .05 using a statistical power of 80% with six endogenous 
constructs suggested that the minimum sample size for this study should be 48 (Cohen, 1992). 
Therefore, this sample met the guidelines as being of adequate size for testing the hypothesized 
model.  The characteristics of the final valid sample are described in the following section. 
4.2 Descriptive Statistics 
 
 The sample study was collected using a Qualtrics panel over a three-week period.  
Because this is a case study of innovative behavior in the municipality of Mobile, quotas for age, 
ethnicity, gender, and employment type were established so that the resulting respondent pool 
would align with the demographics for the city of Mobile.  The sample contained 142 
respondents of whom 44% (62) were men and 56% (80) were women.  Ethnicities represented 
55% Caucasian (78), 41% Black (58), and 4% Other (6).  The age groups were 18-34, 43% (61); 
35-55, 44% (63); and 56+, 13% (18).  For those living and/or working in Mobile, the average 
length of time in Mobile was between one and three years.  The sample characteristics are 
depicted in Table 7. 
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Table 7 
 
 
 Because this is a case study of the city of Mobile, it was prudent to compare the sample 
characteristics against the demographic make-up of the Mobile metropolitan area.  As depicted in 
Sample Characteristics
Description Count Percent Description Count Percent
Male 62 43.7 18-34 61 43
Female 80 56.3 35-55 63 44.4
142 100 56+ 18 12.7
Description Count Percent Description Count Percent
White 78 54.9 <1 year 71 50
Black 58 40.8 1-3 years 29 20.4
Asian 1 0.7 3-5 years 18 12.7
Latino 3 2.1 5-7 years 8 5.6
Other 2 1.4 7+ years 16 11.3
Description Count Percent Description Count Percent
None 3 2.1 0-25k 46 32.4
High School 53 37.3 26-50k 44 31
Associate 19 13.4 51-75k 23 16.2
Bachelor 43 30.3 76-100k 14 9.9
Master 21 14.8 100k+ 15 10.6
Doctorate 3 2.1
Description Count Percent
Student 13 9.2
Part-time 30 21.1
Full-time 99 69.7
Gender Age
Ethnicity Mobilian Tenure
Highest Degree Obtained Income
Employment Type
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Table 8 below, the sample characteristics with the exception of education were closely aligned 
with the demographics of Mobile’s population. 
Table 8  
 
In addition to assessing the descriptive statistics of the sample’s characteristics, the 
descriptive statistics for all variables included in the hypothesized model were assessed.  Table 9 
contains the descriptive statistics and correlations among all latent variables.   
Table 9  
 
The primary constructs of interest in this study, Human Capital, Institution Engagement, 
Social Capital, Well-Being, and Innovativeness, were all significantly correlated.  Because the 
sample characteristics were found to be aligned with the target population and the variables 
within the nomological net of the study were found to have significant relationships, the 
foundations of the study were deemed to be relevant and valid, establishing that the study meets 
expectations for face and content validity.  In the following section, a detailed analysis is 
Comparison of Sample Characteristics with Mobile Population
Demographic Mobile Sample
Ethnicity
Black 50.60% 40.8%
White 44.80% 54.9%
Latino 2.60% 2.1%
Other 3.70% 2.2%
Gender
Male 48.00% 43.7%
Female 52% 56.3%
Education
Bacherlors or above 29% 47%
Construct correlations, means, standard deviations, and square root average variance extracted values
Mean SD 1 2 3 4 5 6 7 8
1 Global Human Capital 3.986 1.12 1
2 Global Well-Being 7.599 2.261 .496*** 1
3 Human Capital 5.104 1.296 .492*** .350** -
4 Innovativeness 3.791 0.842 .429*** .253*** .275*** .778
5 Institution Knowledge Sharing 2.899 1.759 .028 .234*** .005 .129 .865
6 Institution Engagement 2.435 1.024 .120 .175 -.039 .301*** .693*** -
7 Social Capital 3.861 0.704 .461*** .380*** .271*** .607*** .082 .168* .636
8 Well-Being 4.128 0.914 .436*** .598*** .338*** .384*** .075 .121 .407*** -
Notes.  Numbers along diagonal indicate √AVE. Abbreciations: SD=standard deviation. *Correlation is significant at the .1 level (2-tailed).  
**Correlation is significant at the 0.05 level (2 tailed). ***Correlation is significant at the .01 level (2 tailed).
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presented showing the steps taken to ensure construct validity using measurement model 
confirmation 
 
4.3 Measurement Model Confirmation 
 
A PLS SEM measurement model should be confirmed using the Confirmatory Composite 
Analysis (CCA) process before the structural model can be assessed (Hair, Howard, & Nitzl, 
2020; Schuberth et al., 2018). The application of CCA as a separate approach to confirming 
linear composite constructs in measurement models is an emerging technique (Hair, Black, 
Anderson, & Babin, 2019; Hair, Page, & Brunsveld, 2020; Henseler, Hubona, & Pauline, 2016; 
Schuberth et al., 2018). The CCA approach can be used to confirm both reflective and formative 
measurement models. However, when conducting a CCA for a reflective measurement model, it 
is important for researchers to understand that a change in the latent construct will be reflected in 
a change in all its indicators, whereas in a formative measurement model, a change in an 
indicator will be reflected in the construct itself (Hair, Howard, & Nitzl, 2020). This study 
includes both reflective and formative measurement models. 
4.3.1 Reflective Measures Assessment 
A CCA assesses reflective measurements using five steps of analysis: convergent validity 
by examining estimates of loadings and significance; item reliability; construct reliability; 
average variance extracted (AVE); and discriminant validity (Hair, Howard & Nitzl, 2020). The 
results of the CCA indicated that the reflective measurements demonstrated internal consistency 
reliability and convergent validity (see Table 10). 
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Table 10 
 
Measurement Model Confirmation-Confirmatory Composite Analysis 
of Reflective Measures 
        
   Internal Consistency 
Reliability 
Convergent 
Validity 
  
Reflective 
Constructs 
Reflective Indicators  Cronbach's 
Alpha 
Composite 
Reliability 
AVE Outer 
Loading 
T Statistics 
(|O/STDEV|) 
P 
Values 
Innovative 
Behavior 
  .870 .902  .605    
 Make suggestions to improve current products or     
services 
     .816 20.865 .000 
 Produce ideas to improve work practices      .815 24.836 .000 
 Acquire new knowledge      .731 12.286 .000 
 Actively contribute to the development of new 
products or services 
     .727 13.178 .000 
 Acquire new groups of customers      .767 17.374 .000 
 Optimize the organization of work      .804 17.939 .000 
Social Capital   .910 .922  .404    
 There are several people I trust to help solve my 
problems. 
     .575 8.409 .000 
 There is someone I can turn to for advice about 
making very important decisions. 
     .578 7.23 .000 
 *There is no one that I feel comfortable talking to 
about intimate personal problems. 
Removed    .042 0.379 .705 
 When I feel lonely, there are several people I can 
talk to. 
     .532 5.686 .000 
 If I needed an emergency loan of $500, I know 
someone I can turn to. 
     .455 4.663 .000 
 The people I interact with would put their reputation 
on the line for me. 
     .398 3.624 .000 
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 The people I interact with would be good job 
references for me. 
     .590 6.371 .000 
   Internal Consistency 
Reliability 
Convergent 
Validity 
  
Reflective 
Constructs 
Reflective Indicators  Cronbach's 
Alpha 
Composite 
Reliability 
AVE Outer 
Loading 
T Statistics 
(|O/STDEV|) 
P 
Values 
Social Capital          
          
 
 
The people I interact with would share their last 
dollar with me. 
     .433 3.879 .000 
 *I do not know people well enough to get them to 
do anything important. 
Removed    .167 1.414 .157 
 The people I interact with would help me fight an 
injustice. 
     .579 6.951 .000 
 Interacting with people makes me interested in things 
that happen out- side of my town. 
    .668 9.159 .000 
  Interacting with people makes me want to try new 
things. 
     .750 12.968 .000 
  Interacting with people makes me interested in 
what people unlike me are thinking. 
     .715 11.764 .000 
 Talking with people makes me curious about other 
places in the world. 
     .777 17.5 .000 
 Interacting with people makes me feel like part of a 
larger community. 
     .747 13.13 .000 
 Interacting with people makes me feel connected to 
the bigger picture. 
     .744 12.087 .000 
 Interacting with people reminds me that everyone in 
the world is connected. 
     .731 15.307 .000 
 I am willing to spend time to support general 
community activities. 
     .688 12.32 .000 
 Interacting with people gives me new people to talk 
to. 
     .653 8.421 .000 
 I come in contact with new people all the time.      .650 10.029 .000 
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 *removed due to low loadings and high p values         
   Internal Consistency 
Reliability 
Convergent 
Validity 
  
Reflective 
Constructs 
Reflective Indicators  Cronbach's 
Alpha 
Composite 
Reliability 
AVE Outer 
Loading 
T Statistics 
(|O/STDEV|) 
P 
Values 
Institution   .832 .899  .748    
Knowledge 
Sharing 
How have you interacted with academic institutions in 
creating or developing innovation 
    .868 38.004 .000 
 How have you interacted with business institutions in 
creating or developing innovation 
    .855 24.668 .000 
 How have you interacted with government institutions 
in creating or developing innovation 
   .871 34.426 .000 .000 
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4.3.1.1 Convergent validity. Convergent validity examines the relationship of a 
construct’s measures to establish whether measures that should be related are actually related.  
Convergent validity is assessed through examination of indicator significance, indicator 
reliability, and the average variance extracted (AVE) captured by a construct.  All indicator 
loadings were significant at p < .001. Two indicators for the bonding dimension of the social 
capital construct were removed from the model due to low loadings.  Except for three bonding 
social capital indicators, the remaining indicator loadings were all above the threshold of .5, an 
acceptable threshold for exploratory research as recommended by Hair, Ringle and Sarstedt 
(2011).  Although the three indicators had low loadings, they had significant p values, so the 
decision was made to retain them.  
4.3.1.2 Reliability. Composite reliability for innovativeness was .87, and composite 
reliability for social capital was .91; both reflective constructs exceeded the threshold of .70. 
AVE for innovativeness was .605 and AVE for social capital was .404.  The conservative 
threshold value for AVE is .50, which indicates that there may be issues with the convergent 
validity of social capital. However, the lower AVE was not a surprise as it is reflective of the 
decision to keep the three indicators with lower loadings.  Because the composite reliability for 
both reflective constructs is acceptable, it is appropriate to include these constructs in the study 
(Gaskin, 2017).  
4.3.1.3 Discriminant Validity. Discriminant validity establishes that each measure is 
empirically unique (Brill, 2018). Discriminant validity can be assessed using cross loadings, the 
Fornell and Larcker (1981) criterion of examining the square root of AVE and the heterotrait-
monotrait ratio of correlations.  Although cross-loadings are not the recommended approach for 
assessing discriminant validity in PLS-SEM (Henseler et al., 2014), cross loadings were assessed 
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to gather additional insights on indicators (see table 11).  The results of the cross loadings 
indicated there was not an issue with discriminant validity.  Next, the Fornell-Larcker technique 
was applied (see table 11). The results of the Fornell-Larker technique also indicated there was 
no issue with discriminant validity.  Lastly, the heterotrait-monotrait (HTMT) ratio of 
correlations was assessed. 
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Table 11
 
Construct Indicator IB InsKS SC
Make suggestions to improve current products or services .816 .124 .474
Produce ideas to improve work practices .815 .118 .572
Acquire new knowledge .731 -.142 .381
Actively contribute to the development of new products or services .727 .231 .368
Acquire new groups of customers .767 .161 .511
Optimize the organization of work .804 .078 .472
How have you interacted with academic institutions in creating or developing innovation.133 .868 .033
How have you interacted with business institutions in creating or developing innovation.082 .855 .019
How have you interacted with government institutions in creating or developing innovation.115 .871 .153
There are several people I trust to help solve my problems. .299 .083 .575
There is someone I can turn to for advice about making very important decisions.
.411 -.068 .578
When I feel lonely, there are several people I can talk to. .274 .033 .532
If I needed an emergency loan of $500, I know someone I can turn to. .192 .101 .455
The people I interact with would put their reputation on the line for me. .153 .121 .398
The people I interact with would be good job references for me. .294 .112 .590
The people I interact with would share their last dollar with me .154 .150 .433
The people I interact with would help me fight an injustice. .419 .235 .579
Interacting with people makes me interested in things that happen outside of my 
town. .421 .009 .668
Interacting with people makes me want to try new things. .486 .012 .650
Interacting with people makes me interested in what people unlike me are 
thinking. .481 -.029 .750
Talking with people makes me curious about other places in the world. .435 -.009 .715
Interacting with people makes me feel like part of a larger community. .407 -.024 .777
Interacting with people makes me feel connected to the bigger picture. .483 .066 .747
Interacting with people reminds me that everyone in the world is connected. .443 -.009 .744
I am willing to spend time to support general community activities. .488 .096 .731
Interacting with people gives me new people to talk to. .438 .089 .688
I come in contact with new people all the time. .401 .096 .653
Innovative Behavior at 
Work (IB)
Institution Knowledge 
Sharing (InsKS)
Social Capital (SC)
Reflective Measure Cross-Loadings
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HTMT is the ratio of the within-construct correlations to the between-construct 
correlations. This approach states what the true correlation between two constructs would be if 
they were perfectly measured (Henseler, Ringle, & Sarstedt, 2015). HTMT correlations were all 
below .85, indicating the constructs are distinct and demonstrate discriminant validity (Table 12). 
All three approaches for assessing discriminant validity provided evidence of adequate 
discriminant validity for reflective measures. 
Table 12  
 
4.3.2 Formative Measures Assessment 
While composite reliability and AVE are appropriate for evaluating reflective measures, 
this is not the case for formative measures.  Indicators for reflective constructs are correlated 
with one another, whereas formative indicators can have positive, negative, or no correlations 
with one another.  Because composite reliability and square root AVE are based on correlation 
measures, a different set of metrics were applied for assessing formative measures.  Assessing 
the internal consistency and validity of formative measures was confirmed using four steps of 
analysis: convergent validity, indicator multicollinearity, size and significance of indicator 
weights, size and significance of loadings (Hair, Howard & Nitzl, 2020). The results of the CCA 
presented in table 13 show that the formative measurements were internally consistent and valid. 
 4.3.2.1 Convergent Validity. Convergent validity of a formative measurement model 
assesses the extent to which the formative construct is positively related with a reflective 
Heterotrait-Monotrait Ratio of Correlations
1 2 3
1
Innovative Behavior 
at Work
2
Institution 
Knowledge Sharing
0.213
3 Social Capital 0.651 0.152
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measure of the same construct using different indicators (Diamantopoulos & Winklhofer, 2001; 
Hair et al., 2017).  The reflective measure can contain multiple items or a single global item 
(Chea et al., 2018).   To assess convergent validity first, a bivariate correlation analysis of the 
indicators and the reflective latent variable was conducted to ensure that indicators have a 
statistically significant relationship with the reflective measure of the formative construct.  All 
formative indicators were found to have statistically significant relationships with the reflective 
measures of the formative constructs.   
Once the formative indicators were found to have a significant relationship with the 
reflective measures of the respective formative constructs, the path coefficients between the 
formative construct and the reflective measure of the same construct were analyzed.  As depicted 
in Table 13, the path coefficients for each of the formative constructs and the respective 
reflective measure were all found to be statistically significant.  The path coefficient for Human 
Capital -> Global Human Capital was .492, the path coefficient for Institution Engagement -> 
Institution Knowledge Sharing was .693, the path coefficient for Well-Being -> Global Well-
Being was .598.  Although the recommended guideline for acceptable path coefficients is .70 
(Hair et al., 2020), the paths were found to be statistically significant; this finding was adequate 
evidence of the convergent validity of the formative constructs. 
Table 13  
 
Convergent Validity and Multicollinearity of Formative Measures
Formative Construct -> Reflective Construct Path 
Coefficients
T Statistics 
(|O/STDEV|) P Values
0.492 7.708 .000
0.691 17.104 .000
0.598 10.37 .000Well-Being -> Global Well-Being
Human Capital -> Global Human Capital
Institution Engagement -> Institution Knowledge Sharing
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 4.3.2.2 Multicollinearity. Because formative constructs are comprised of indicators that 
capture the entirety of the construct, multicollinearity of formative indicators is a concern.  
Indicator multicollinearity is a measure of the correlation between formative items.  Multi-
collinearity was assessed in two ways, first bivariate correlations between formative constructs 
were examined to confirm that all correlations were below .5.  Multicollinearity was also 
assessed using the variance inflation factor (VIF) scores (see Table 14).  All formative indicators 
were below the VIF threshold of three.  Even though the VIF values were well within range of 
accepted values, the decision to remove the indicator that measured well-being energy was 
removed because of conceptual overlap with the indicator that measured well-being motivation.  
Because the metrics obtained in the convergent validity and multicollinearity assessments 
indicated the formative measurement model met recommended guidelines, the next steps 
assessing the size and significance of indicator weights and loadings in formative CCA were 
performed. 
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Table 14 
Measurement Model Confirmation-Confirmatory Composite Analysis of Formative Measures 
Formative 
Construct 
Formative Indicator Outer 
Weights 
T Statistics 
(|O/STDEV|) 
P 
Values 
Outer 
Loadings 
T Statistics 
(|O/STDEV|) 
P 
Values 
VIF 
Institution 
Engagement 
In the past year, how often have you interacted with 
academic institutions in creating or developing 
innovation 
.492 4.039 .000 .756 10.216 .000 1.472 
 In the past year, how often have you interacted with 
business institutions in creating or developing innovation 
.088 .627 .531 .630 6.460 .000 1.85 
 In the past year, how often have you interacted with 
government institutions in creating or developing 
innovation 
.299 2.381 .017 .700 7.767 .000 1.529 
 Overall, how much value do you feel is created by your 
interactions with academic institutions 
-.008 .043 .966 .721 8.522 .000 2.514 
 Overall, how much value do you feel is created by your 
interactions with business institutions 
.195 1.195 .232 .668 7.923 .000 2.522 
 Overall, how much value do you feel is created by your 
interactions with government institutions 
.318 2.008 .045 .750 9.556 .000 2.383 
 Years of Working in Mobile .253 1.918 .055 .388 2.947 .003 1.094 
 Years of Education .733 6.531 .000 .804 7.558 .000 1.030 
 Income .378 2.061 .039 .594 4.889 .000 1.302 
 Years of Work Experience .165 .856 .392 .529 3.541 .000 1.357 
Well-being I am motivated to achieve my goals .756 6.624 .000 .883 11.26 .000 1.083 
 I have health problems that prevent me from doing the 
things that people my age normally do 
.199 1.473 .141 .242 1.673 .094 1.019 
 * I have enough energy to get things done daily .092 .680 .496 .604 5.578 .097 1.522 
 I like where I live .126 .900 .368 .481 3.689 .000 1.364 
 I feel safe walking alone at night where I live .297 2.216 .027 .528 4.622 .000 1.251 
 I feel financially secure .164 1.153 .249 .410 2.815 .005 1.198 
 * WB_3 removed        
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 4.3.2.3 Indicator Weights and Loadings. The size and significance of indicator weights 
and loadings were assessed to determine the extent of formative indicator contributions to the 
construct score.  Indicator weights are equivalent to beta coefficients; the weights are calculated 
using a multiple regression model and represent the relative contribution of each indicator.  
Indicator loadings represent the absolute contribution of each indicator, and the loadings are 
calculated as the bivariate correlation between each separate indicator and the construct.  The 
results from assessing indicator weights and loadings are presented in table 15.  The indicator 
weights and loadings were found to meaningfully contribute to the respective formative 
constructs, and all weights and loadings were found to be statistically significant.  These findings 
indicate acceptable relationships between the formative indicators and the respective constructs. 
4.4 Structural Model Confirmation 
 
Assessing the structural model results involves examining the model’s predictive 
capabilities and the path relationships between the constructs. The structural model was assessed 
for collinearity, significance and size of the path coefficients, and relative predictive power 
(Hair, Howard, & Nitzl, 2020).  After the size and statistical significance of the path coefficients 
in the structural model was confirmed, key metrics (R2, f2, Q2, q2) were assessed for determining 
the predictive ability of the model.  
The variance inflation factor (VIF) was used to assess collinearity of the independent 
variables.  VIF assessed the collinearity of independent variables in the model based on a metric 
of 3. All independent variables were below the cut off level of three, indicating there is no issue 
with collinearity in the model.  VIF is also an acceptable metric for assessing potential common 
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method variance (CMV) within a model (Hair et al., 2020).  All model constructs were below the 
threshold of 3, indicating there is no issue with CMV. 
 4.4.1 Structural Paths. The path coefficients and their significance levels as well as the 
hypothesis testing results are presented in Table 15. The path coefficients were assessed using 
bootstrapping with 5000 subsamples. All path coefficients were positive and significant.  All 
hypotheses were supported.  Human capital had a significant positive relationship with social 
capital, which aligns with the existing literature. Therefore, Hypothesis 1 is supported.  Social 
capital had a significant positive relationship with innovative behavior, which represented the 
strongest path relationship in the model; this finding aligns with the literature on social networks 
and innovation, and therefore Hypothesis 2 is supported.  A thorough review of the mediating 
and moderating effects in the model regarding hypotheses 3 and 4 is presented in the section that 
follows the examination of the hypothesized model’s predictive abilities. 
Table 15  
 
4.4.2 Predictive Power.  
In addition to assessing the size and significance of model path relationships, the 
predictive power of the model was also examined.  The overall explanatory power of the model 
was interpreted using the R2 value.  This metric determined the proportion of variance in the 
dependent variable that can be explained by the independent variables in the model.  The R2 
Significance Testing Results
Hypotheses Structural Path Path Coefficients t 
Statistics 
p 
Values
LCI UCI Hypothesis 
Results
H1 Human Capital -> Social Capital 0.272 2.909 0.006 0.041 0.437 Supported
H2 Social Capital -> Innovative Behavior 
at Work
0.463 6.101 0 0.271 0.634 Supported
H3
Mediation, Indirect path: Social Capital 
-> Well-Being -> Innovative Behavior 
at Work
0.071 1.649 0.099 0.005 0.165 Supported
H4 Moderating Effect of Institution 
Engagement 
0.164 2.214 0.027 0.016 0.304 Supported
Notes. LCI=lower confidence interval, UCI=upper confidence interval
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value for the hypothesized model was .462.  In addition to assessing the explanatory power of the 
model, the effect size of structural paths was assessed using the f2 metric, he predictive relevance 
of the model was assessed using the Q2 metric, and the impact of the constructs on the predictive 
relevance was assessed using the q2 metric. 
4.4.2.1 Effect Size. To develop a deeper understanding of the role that each structural 
path has in the explanatory power of the hypothesized model, the f2 effect size for each 
hypothesized structural path was used to evaluate the impact of the predictor variable on the 
dependent variables. Effect size measures the strength of a relationship between two variables on 
a numeric scale. Cohen (1988) categorizes f2   direct effect sizes as .02 for small effects, .15 for 
medium effects, and .35 for large effects. As presented in Table 18, the strongest direct effect in 
the model was the impact of social capital on innovative behavior at work (.303).  Moderation 
effect size categories differ from direct paths; the guidelines are .005 small, .01 medium, .025 
large (Kenny, 2016). The moderating effect of institution engagement on innovative behavior 
was .041, suggesting a strong moderating effect of institution engagement on the relationship 
between social capital and innovative behavior. 
Predictive relevance (Q2) was assessed using the blindfolding technique (Shmueli, et al., 
2019). The process systematically removes each variable value of all dependent variables over 
multiple iterations to assess how accurate the path model predicts the removed variable value. A 
Q2 statistic between 0 and .25 indicates a small predictive relevance (Cohen, 1988). As presented 
in Table 18, the Q2 statistic for the dependent variable, innovative behavior at work, is .259, 
suggesting that the model has adequate predictive relevance.   
The impact on the predictive relevance statistic was assessed through the q2 effect size; 
this metric measures the difference in predictive relevance after including and excluding the 
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predictor construct from the model. The guidelines for assessing the degree of predictive 
relevance categorizes effect sizes of .35 as strong, .15 as moderate, and .02 as weak predictive 
relevance whereas anything below .02 is negligible.  The q2   depicted in Table 18 identified a 
moderate effect size on predictive relevance for social capital →innovative behavior (.167) 
suggesting that social capital has a moderate impact on the predictive ability of the model. The 
effect size for human capital→ social capital (.023) was considered to have a weak but not 
negligible impact on the predictive ability of the model. The mediating effect of well-being had 
the smallest effect on the predictive relevance of the model, while the moderating effect of 
institution engagement had the second strongest effect of path relationships in the model. The 
key metrics for assessing model predictive ability are depicted in Table 16. 
Table 16  
 
4.5 Mediating effect 
 
H3 proposes that well-being mediates the relationship between an individual’s social 
capital and their innovative behavior at work. To assess the total effect of mediation, the direct 
effect (c’) of social capital on innovative behavior at work is added to the product of the effect 
(a) of social capital on well-being and the effect (b) of well-being on innovative behavior at work 
using the equation (1) below. 
Total Effect c = c’ (direct effect) + ab (indirect effect)                             (1) 
Structural Model Predictive Ability Assessment
Construct          Hypothesized Relationship SSO SSE
Q²                      
(1-SSE/SSO)
 R²          
(1-SSE/TSS)
 R² 
Adjusted
f2         
(R²/1- R²)
   q²                                 
(Q²_included-Q²_excluded)/1-Q²_included
Innovative Behavior 852 631.096 0.259 0.462 0.43
Social Capital 2556 2495.99 0.023 0.074 0.067
Well-Being 710 681.184 0.041 0.165 0.159
Human Capital ->Social Capital 0.087 0.023
Social Capital ->Innovative Behavior 0.303 0.167
Mediating effect of Well-Being 0.661 0.013
Moderating effect of Institution Engagement 0.041 0.052
Notes.  SSO=sum of squared observations, SSE=sum of squared error, TSS=total sum of squares 
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Preacher and Hayes (2008) recommend that the non-parametric bootstrapping procedure 
is the most powerful and reasonable method of obtaining confidence limits for specific indirect 
effects under most conditions. SmartPLS was used to determine confidence intervals for 
assessing mediation. Sarstedt et al. (2020) advocate for the superiority of PLS over PROCESS in 
assessing mediation because PLS considers the entire model rather than model pieces. For 
evidence of a mediating relationship, the indirect effect (ab) must be different from zero if both a 
and b are different from zero by a statistically significant criterion (Hayes, 2018). As presented 
in Table 17, the direct effects of a = .406 (p ≤ .001) and b = .175 (p ≤ .001) when multiplied 
together result in the indirect effect of .071 (p ≤ .099), and the total effect for the mediated model 
is .534 (p ≤ .001).  All effects are significantly different from zero in that their confidence 
intervals do not contain zero, suggesting that well-being partially mediates the relationship 
between social capital and innovative behavior at work. Therefore, H4 is supported.  
Table 17 
 
4.6 Moderating effect 
 
H4 proposes that institution engagement moderates the relationship between social 
capital and innovative behavior at work. The proposed moderating relationship assesses if the 
effect of the focal antecedent variable-social capital (X) on (Y) the dependent variable of 
innovative behavior at work is influenced by (W), another antecedent variable--institution 
Mediation Analysis
Effects β t Statistic p Values LCI UCI
Direct Effects
   (a) SC→WB .406 4.787 .000 .197 .542
   (b)WB→ IB .175 2.129 .033 .024 .336
  (c')SC →IB .463 6.101 .000 .271 .634
Indirect Effect
           (ab) SC→WB→IB .071 1.649 .099 .005 .165
Notes . SC=social capital, WB=well-being, IB=innovative behavior, LCI=lower 
confidence interval, UCI=upper confidence interval
70 
 
engagement. The product of X and W is the interaction term (unconditional effect); the 
coefficients of X and W are conditional effects (Hayes, 2018).  
Moderation analysis was conducted using the two-stage approach in SmartPLS with 
mean centering and an automatic weighting scheme. As depicted in Table 18, Institution 
engagement (W) is a significant antecedent to the dependent variable innovative behavior at 
work and the moderating effect of innovation trust is statistically significant from zero 
(confidence interval does not contain zero).  
Table 18  
 
 Since Institution Engagement is a continuous variable, the interaction effect was assessed 
using a simple slope analysis.  Simple slope analysis plots a regression line at a specific level of 
a predictor variable.  Smart PLS plots three lines for simple slope analysis; a regression line was 
plotted for the mean institution engagement, as well as for one standard deviation above the 
mean, and one standard deviation below the mean. As presented in Figure 10 below, the 
relationship between social capital and innovative behavior at work was positive for all three 
lines as indicated by the positive slopes.  The upper line, which represents a high level of 
institution engagement, had a steeper slope than the lowest line, which represents a low level of 
institution engagement with a flatter slope.  The gap between the lines represents the effect of 
interaction term (Hayes, 2018). A visual examination of the simple slope plot indicated that the 
relationship between social capital and innovative behavior at work is stronger for individuals 
Moderation Analysis
Effect t Statistic p Values LCI UCI
Social Capital (X) .463 .498 .000 .278 .643
Institution Engagement (W) .208 2.972 .003 .076 .349
Institution Engagement 
Moderating Effect (X)x(W) .164 2.202 .028 .004 .294
Notes .  LCI=lower confidence interval, UCI=upper confidence interval
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who have higher than average levels of institution engagement in comparison to individuals with 
lower than average levels of institution engagement. 
Figure 10  
 
4.7 Moderated Mediation 
 
 The moderation of the direct path in a mediation model combines simple mediation with 
the moderation of the direct effect of X on Y (Hayes, 2018).  In a moderated mediation model 
where only the direct effect is moderated, X exerts its effect on Y indirectly through M, 
independent of any other variable, but also directly, with the magnitude of the direct effect 
depending on W making c’ not a single number but instead a conditional function of W (Hayes, 
2018). 
 After assessing both the mediating effect of well-being and the moderating effect of 
institution engagement within the structural model, the author determined that partial mediation 
Simple slope analysis of the interaction effect of institution engagement
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is present, and the direct effect in the mediation model is moderated by institution engagement.  
These findings establish the conditions necessary to confirm moderated mediation is present. 
 
4.8 Results Summary   
 
 Because this research is a case study of the MIE in Mobile, assessing sample 
characteristics was a high priority.  The sample was representative of the target population with 
the exception of education since the sample was more highly educated than the average 
Mobilian.  This difference was likely due to city level statistics for education, which were 
collected as a percentage of persons age 25 years+ while the sample characteristics collected 
education data for people 18 years+ (census.gov). 
 After the sample was established to be generalizable and the data quality was confirmed, 
the hypothesized relationships were tested.  All hypothesized path relationships were found to be 
significantly different from zero by assessing the bias corrected confidence intervals. Therefore, 
all hypotheses put forth in this research were supported. The hypothesized model examined the 
moderated mediation of innovative behavior at work in Mobile’s MIE.  Although the partial 
mediation of the relationship Social Capital -> Well-Being -> Innovative Behavior at Work was 
supported, the indirect path was the weakest relationship in the model indicating that likely there 
are other unidentified mediators of the relationship between social capital and innovative 
behavior at work.  The moderating effect of institution engagement had a strong interaction 
effect as demonstrated in the increase in innovative behavior (.627) and decrease in innovative 
behavior (.299) when the interaction effect was included in the model.  
 After the hypothesized relationships were confirmed, the predictive ability of the model 
was examined.  The R2 metric of .462 demonstrated that the model could explain a respectable 
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amount of the variance in innovative behavior at work.  Furthermore, the model demonstrated 
adequate predictive relevance as evidenced by the Q2 metric of .259.   
 
 
Figure 11 
 
As presented above in Figure 11, there is a significant relationship between human capital 
and social capital; social capital has a meaningful effect on innovative behavior.  A closer 
examination of this effect found that an individual’s well-being represents a mechanism that 
underlies the relationship between social capital and innovative behavior. Additional analysis 
revealed that engaging with local institutions positively influences the relationship between 
social capital and innovative behavior.   
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Chapter 5: Discussion, Implications, Limitations and Future Directions 
This chapter begins by summarizing the two phases of research by examining conceptual 
relationships between the key variables and reviewing the hypothesized relationships.  Next is a 
discussion of the theoretical and practical implications of this research followed by a 
consideration of the limitations of this study.  The chapter concludes with future directions for 
research on growth theory, innovative behavior, and regional innovation. 
5.1 Discussion 
 
 This research had two phases: qualitative interviews and a quantitative survey. 
 5.1.1 Qualitative Discussion. During the qualitative interviews, an interesting pattern 
emerged from respondents’ perceptions on the state of Mobile’s MIE.  Several of the 
respondents mentioned MIEs that either Mobile has been compared with or should be compared 
to.  The respondents lamented that the MIE in Mobile is often compared to cities with similar 
sized populations or similar characteristics (such as having a commercial port) but not the age of 
the cities.  The consensus from these interviews suggests that the age of an MIE should be a 
primary consideration when comparing MIEs across cities.  Including the age of the MIE or MIE 
maturity as a construct for assessing MIE performance presents an interesting opportunity for 
assessing MIE performance.  While it was not a consideration for this specific cross-sectional 
study of a single MIE, this finding provides an important insight on how MIE experience should 
be considered in addition to MIE resources.  
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MIE maturity identifies a gap in the literature which is discussed more in the future 
research section of this paper. Other interesting insights generated from the interviews identified 
key players and events in the MIE.  In the events identified as being impactful for city level 
innovation, one event had academic, business, and government institutions represented.  A grant 
funded program that works with college students to teach them how to scale and pitch start-ups 
had participation from all local colleges in Mobile, and local entrepreneurs and government 
employees also took part in this program by working with the students.  This program spawned 
several businesses in the Mobile area, providing evidence that the interaction between the three 
institutions that make up the MIE in Mobile do result in high levels of innovative behavior.  This 
finding aligns with the triple helix of innovation framework developed by Etzkowitz & 
Leydesdorff (2000) and provides support for the proposed conceptual model of Mobile’s MIE as 
presented in chapter 3. 
 5.1.2 Quantitative Discussion. The results of the quantitative phase are summarized in 
table 19 showing that all hypotheses were supported.   
Table 19  
 
 
Hypothesis 1 predicted that human capital was positively related to social capital.  This 
relationship was confirmed. suggesting that a person’s education, work experience, income, and 
length of time living and/or working in Mobile contributed to the formation of their social 
capital.  Social capital and human capital are considered a “chicken and egg” argument, with 
both having support in the literature as causing the other.  This study does not suggest causation, 
Summarized Findings
p Values Hypothesis 
Results
H1 Human capital will relate positively to social capital .006 Supported
H2 MIE participants’ Social capital will be positively related to MIE participants’ innovative behavior .000 Supported
H3 Well-being will mediate the relationship between social capital and innovative behavior .001 Supported
H4 Institution engagement will positively moderate the relationship between social capital and innovative behavior .027 Supported
Hypotheses
76 
 
but merely confirms the established positive relationship between the two constructs. Hypothesis 
2 predicted that social capital was positively related to innovative behavior.  This relationship 
was confirmed and represented the strongest relationship in the hypothesized model.  This 
finding was not surprising because social capital is the basis for social networks, and social 
networks are a primary conduit for knowledge flows and spillovers. Knowledge sharing and 
spillover are widely recognized as necessary conditions for innovation (Baer, et al., 2016).  
Hypothesis 3 predicted that well-being mediated the relationship between social capital and 
innovative behavior; this relationship, too, was confirmed.  The total effect of mediation had the 
strongest contribution to the explanatory power of the hypothesized model, yet the effect of well-
being in the mediation model was not very strong, suggesting that other mediators of the social 
capital→innovative behavior relationship may exist.  Hypothesis 4 predicted that MIE 
participant engagement with institutions would influence the relationship between social capital 
and innovative behavior, suggesting that when MIE participants with high levels of social capital 
are highly engaged with local institutions, they are also likely to have higher levels of innovative 
behavior.  This relationship was confirmed, providing empirical support for the interaction effect 
of institution engagement. These findings are discussed more in the future research section of 
this paper.  
Growth theory, relating to Hypothesis 1, has long recognized the importance of human 
capital and institutions (Smith, 1776).  A common example of the institutional role is 
exemplified by academic institutions (such as local universities) serving as mechanisms for 
growing human capital in a regional economy.  Human capital is a fundamental input to idea 
production (Romer, 1994), which is seen as a driver of both regional innovativeness (Cooke, 
2001) and economic growth (Jones & Romer, 2010). This is shown in Mobile’s MIE in the 
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qualitative phase, where institution interactions were identified as spawning innovative activity 
and new ventures. In the quantitative phase, relationships of human capital and social capital 
were identified and confirmed as contributing to innovative behavior. 
 If human capital inputs generate innovation capacity within an MIE, then social capital 
provides the innovation capability within an MIE.  MIE participants’ social capital is the 
mechanism through which innovation and collective learning occur (Muscio, 2016); the 
interactions in a collective network are how ideas and knowledge are shared (Chesbrough, 2006).  
These interactions form the basis of an individual’s social network, assessed as social capital 
(Putnam, 1995).  Social capital can be assessed as being inclusive (bridging) or exclusive 
(bonding) and are indicative of network strength (Granovetter, 1983).  The strength of a network 
is recognized as an important determinant of MIE innovation (Baer, et al., 2016). Social capital 
is represented by hypothesis 2 in the model, and the confirmed relationship between social 
capital and innovative behavior aligns closely with the work of Granovetter (1983), Muscio 
(2016) and Putnam (1995). 
The impact of well-being on innovative behavior was represented by hypothesis 3.  Using 
indicators of well-being to provide additional insights beyond economic and social indicators is 
helpful to business leaders as well as local and regional governments seeking beneficial societal 
outcomes (Diener, 2006).  The confirmed relationship between social capital, well-being, and 
innovative behavior aligns with previous research that found empirical support for the 
relationship between well-being and social capital as well as well-being and innovative behavior 
(Frey, 2002; Diener, 2006; Dolan & Metcalfe, 2012; Wang et al., 2017). 
This study found significant relationships between innovative behavior and both social 
capital and well-being.  The innovation literature recognizes collective innovativeness as an 
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impactful component within a municipally bounded innovation ecosystem (Cooke et al., 1990; 
Crevoisier, 2004; Florida, 2005). Regional innovation literature highlights the important role of 
institutions impacting collective innovativeness within a region (Etzkowitz & Leydesdorff, 
2000).  Regional innovation theory and the influence of institutions is represented by Hypothesis 
4 in the model; the finding of a significant influence of institution engagement on the 
relationship between social capital, well-being, and innovative behavior supports previously 
published regional innovation research.   
5.1.2 Theoretical Implications 
This study focused on building a novel framework that examined innovative behavior in 
a city-region.  The insights generated by this research provide new and useful variables and 
methods for researchers interested in municipally bounded systems of small to mid-sized US 
cities.   
The qualitative findings identified a new variable that should be included in MIE 
research.  MIE age was suggested by interview participants as a potentially useful variable in 
comparative MIE research.  MIE age should be used as a control or moderator variable in MIE 
research.  
A formative measure of institution engagement was created and contributes to regional 
innovation theory research.  This construct measures the frequency of interactions, the perceived 
value of interactions, and the types of interactions with academic, government, and local 
business institutions.  This new construct should be used in future research as it proved 
significant in moderating the relationship between social capital and innovative behavior. 
An MIE participant’s length of time spent working within an MIE should be used as an 
indicator in any human capital index. By expanding how human capital is measured to also 
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include years of work experience, this study delivered empirical support that human capital 
should not be measured using only education and income as it has typically been measured in 
previous studies on regional economic development.  
This study included sociological and economic constructs in a study of individual level 
innovative behavior. This study contributes to innovation research by suggesting that innovative 
behavior is impacted by more than the typical factors of affect, trait, personality, and 
environment, which have been the focus of research on individual level innovation.  
Building upon the work by Jones and Romer (2010), which examined the interaction 
between ideas, institutions, populations and human capital from a macro perspective, this study 
integrated theories on economic growth, regional innovativeness, and social networks to explore 
how they impact regional innovation. This study weaved together macro-economic concepts 
such as institutions and micro-economic constructs associated with human capital with 
sociological constructs such as well-being and social capital to explain individual level 
innovative behavior in an MIE. 
5.1.3 Practical Implications  
  Developing a deepened understanding of the process that impacts innovative 
behavior in an MIE can have far reaching impacts for focal participants in an MIE.  If institutions 
understand that interacting with MIE participants can increase innovative behavior at work, then 
perhaps institutions would make network interactions a higher priority to increase the likelihood 
of improved innovation performance for the MIE. 
This study calls attention to the importance of individual well-being in an MIE.  The role 
of well-being in economic development is an increasingly important phenomenon, evidenced by 
the efforts in countries such as Scotland, Iceland, and New Zeeland to include well-being in 
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economic growth policy. If city governments recognize that issues with constituent well-being 
are impacting city innovativeness, then perhaps those governments will start including well-
being metrics in their innovation planning to improve innovation performance of the MIE.   
The findings of this study are also useful for local firms who rely on regional innovation 
as a means of competitive advantage.  This study raises awareness that idea sharing leads to 
innovative behavior in a city region.  If firms strategically include tactics to increase idea sharing 
both within their organizations and across the MIE--for example performance development plans 
at the individual, group and MIE levels and regional conferences that focus on idea sharing--this 
could also contribute to improvements collectively and individually across the MIE.  
 Lastly, the results from this study also have practical implications for entrepreneurs: 
networking matters.  Bridging social capital is the mechanism to structure and expand an 
entrepreneur’s social network.  Bonding social capital is the mechanism for establishing 
meaningful relationships.  Entrepreneurs who make concerted efforts to build and expand their 
social networks and interact with institutions in the local MIE are more likely to experience 
higher levels of innovativeness.  Entrepreneurship is a form of innovation; hence, this finding 
can be extended to say that networking improves entrepreneurship behavior. 
5.2 Limitations 
 
The strengths and weaknesses of mixed methods designs have been widely discussed in 
the literature (Creswell & Creswell, 2017; Teddlie, & Tashakkori, 2003). Although mixed 
methods research allows for richer explanations of phenomena, it requires a significant 
commitment of time on the part of the researcher. Additionally, mixed methods requires a 
researcher to be well versed in a diverse array of data collection and analysis methods.  The 
phrase “jack of all trades, master of none” could be applied to mixed methods researchers.  By 
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expanding the breadth of methodology used in this study, some depth in the qualitative phase 
was sacrificed in the number of interviews taken, yet saturation was achieved. 
 In addition to the limitations specific to mixed methods research, there are also 
limitations specific to this study. The data collection was impacted by the COVID pandemic, 
evidenced in the five-month long collection process that was originally estimated to take a single 
month. Because this study collected data on respondents’ well-being, possibly the pandemic also 
impacted respondents’ well-being.  
In addition to issues related to the world-wide pandemic, there are the more typical 
limitations that accompany most research.  A number of the scales in this research relied on self-
report data that could suffer from respondent self-inflation bias.  These are important 
considerations because perceptions of personal relationships were a sizable portion of the survey. 
Also, the survey collects data on all variables at one point in time, creating potential for common 
method bias. This was assessed by conducting a variance inflation factor analysis. 
5.4 Future Directions 
 
 In Jones and Romer’s 2010 update to Kaldor’s six stylized facts to explain 
economic growth, they called for more efforts toward building a grand unified theory of 
economic growth.  Their major premise was that ideas can affect infinite growth while never 
being used up.  The research in this study did not specifically measure ideas in an MIE.  This is 
due in part to the difficulty of measuring ideas.  One challenge related to measuring ideas is 
determining which ones to measure…only good ideas, only successful ideas, only published 
ideas?  Furthermore, how would ideas be collected for measurement?  Previous research 
measures publication output from local academic institutions as a function of idea sharing, yet 
this is a less than optimal measurement of idea sharing because it fails to capture all the idea 
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sharing that occurred in local academic institutions and also ignores idea sharing in the other 
clusters in the MIE. 
Additional research on innovation ecosystems that includes new measurements of ideas is 
warranted.  Research that measures ideas generated during appreciative inquiry summits could 
be a potential avenue for conducting this type of research. 
 This study conducted a cross-sectional survey of innovative behavior in an MIE.  
Collecting innovative behavior at multiple points within a specified time range that coincides 
with published collections of secondary economic data may provide additional insight into the 
economic factors that impact innovative behavior in an MIE.  Additional research that includes 
longitudinal data collection and compares the results to complementary economic data in a city 
region is warranted to better understand the impact of economic factors on innovative behavior 
in an MIE. 
 This study tried initially to collect network metrics using ego-based name generator 
questions to develop social network metrics for assessing the respondents’ social networks.  The 
data collection efforts failed due to non-response, so the decision was made to use a reflective 
scale to measure social capital.  Name generator questions are time consuming to fill out, and 
most anonymous online survey respondents are unwilling to provide this information either due 
to the arduous nature of answering the questions or due to losing some of their anonymity by 
naming people in their social networks.  Collecting social network metrics to construct a graph of 
social interactions in a geographically bounded city region would provide additional insights that 
this study was unable to cultivate. 
 The qualitative findings identified MIE maturity as a factor in MIE success.  Thus, any 
study that seeks to compare two or more MIEs should consider MIE age as a construct of 
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interest.  Comparative studies on city regions could provide additional insight into the 
differences between higher functioning and lower functioning MIEs.  Additional research that 
includes MIE age and compares MIEs with similar age is warranted to better understand the 
impact of MIE age on innovative behavior in an MIE. 
 This study contributes toward the goal set forth by Jones and Romer (2010).  Going 
forward, research agendas should consider how personal resources and innovative behavior 
contribute to economic growth in a city region by including the new formative measure of 
institution engagement, the new formative measure of human capital, the mediating relationships 
of social capital and well-being, and the moderating influence of institution engagement. 
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APPENDIX A 
INTERVIEW SCRIPT 
As part of my dissertation research, I am trying to get a better understanding of the roles that 
academic, political, and economic institutions play in the composition and development of a 
city's innovation ecosystem. As it relates to this study, a city's innovation ecosystem is defined as 
the large and diverse array of participants and resources that contribute to and are necessary for 
ongoing innovation in a modern economy. Ecosystems include entrepreneurs, investors, 
researchers, venture capitalists, as well as business developers, policy-makers and students. 
  Below you will find the list of questions that we will cover in our interview 
1. Do you measure innovation within your city boundaries?  If so, what metrics do you use?   
2. Do you measure patents? how so? 
3. Do you measure start-up rates? how so? 
4. Do you measure commercialization rates? How so? 
5. Do you measure product innovation rates? How so? 
6. Are you aware of business incubators within the city? how many? what are the names? 
7. Do you measure incubator inputs and outputs? how so? 
8. Are you aware of business accelerators within the city? how many? what are the names? 
9. Do you measure accelerator inputs and outputs? how so? 
10. Are you aware of co-working spaces within the city? how many? what are the names? 
11. If you were to grade the city's innovation ecosystem, what grade would you give it?  
F- The state of our innovation ecosystem is dysfunctional, in comparison to similar cities our 
ecosystem struggles greatly with creating innovation. 
D- The state of our innovation ecosystem is functioning at a low level, in comparison to 
similar cities our ecosystem is below average in creating innovation. 
C- The state of our innovation ecosystem is functioning at a moderate level, in comparison to 
similar cities our ecosystem is average in creating innovation. 
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B- The state of our innovation ecosystem is functioning well, in comparison to similar cities 
our ecosystem is above average in creating innovation.  
A- The state of our innovation ecosystem is high functioning, in comparison to similar cities             
our ecosystem is better than most at creating innovation. 
12. In your role, do you look at social innovation needs and goals for the city? how so? 
13. In your role, do you participate in forming policy that may impact the innovation ecosystem? 
how so? 
14. In your role, are you impacted by policy as it relates to advancing the growth & development 
of the city's innovation ecosystem? how so? 
15. In your role, do you work on product development innovation?  
16. In your opinion, who are the most impactful participants in the city's innovation ecosystem? 
why? 
17. In regards to your innovation activities, do you collaborate with others outside of your 
organization? If so, will you please list the organizations that you collaborate with? 
18. Do you attend innovation-focused events in the city?  If so, will you please list the events that 
you have attended in the past year? 
19. How do you define innovation?  
20. What is your title and will you please describe what you do in your current job? 
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IRB APPROVAL 
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APPENDIX C 
SURVEY QUESTIONNAIRE 
Category Question Response Option 
Screening What is your employment status Full time, Part time, 
Unemployed 
Innovative 
Behavior 
Thinking in general about the last five years, when at work, do you often....  Strongly Disagree-Strongly 
Agree 
 Make suggestions to improve current products or services  
 Produce ideas to improve work practices  
 Acquire new knowledge  
 Actively contribute to the development of new products or services  
 Acquire new groups of customers  
 Optimize the organization of work  
Social Capital 
Bridging 
Thinking in general about the last five years, please select the answer that most 
accurately describes your interactions with others 
Strongly Disagree-Strongly 
Agree 
 Interacting with people makes me want to try new things.  
 Interacting with people makes me interested in what people unlike me are thinking.  
 Talking with people makes me curious about other places in the world.  
 Interacting with people makes me feel like part of a larger community.  
 Interacting with people makes me feel connected to the bigger picture.  
 Interacting with people reminds me that everyone in the world is connected.  
 I am willing to spend time to support general community activities  
 I come in contact with new people all the time  
Social Capital 
Bonding 
Please select the answer that best describes the people in your life over the past five 
years 
Strongly Disagree-Strongly 
Agree 
 There are several people I trust to help solve my problems  
 There is someone I can turn to for advice about making very important decisions  
106 
 
Category Question Response Option 
 There is no one that I feel comfortable talking to about intimate personal problems  
 When I feel lonely, there are several people I can talk to.  
 If I needed an emergency loan of $500 I know someone I can turn to.  
 The people I interact with would be good job references for me.  
 The people I interact with would share their last dollar with me.  
 I do not know people well enough to get them to do anything important.  
 The people I interact with would help me fight an injustice  
Global Social 
Capital 
In thinking about the last five years, select the answer that best describes how you feel 
about this statement, I have a strong network of people who can provide me with 
information or assistance in accomplishing my goals 
Strongly Disagree-Strongly 
Agree 
Well-Being In thinking about the past five years, I have generally felt that… Strongly Disagree-Strongly 
Agree 
 I am motivated to achieve my goals  
 I have health problems that prevent me from doing the things that people my age 
normally do 
 
 I have enough energy to get things done daily  
 I like where I live  
 I feel safe walking alone at night in the area where I live  
 I feel financially secure  
Global Well-
Being 
In thinking about the past five years on a scale from 1-10, please rate your overall 
well-being 
1- low -10 high  
Institution 
Engagement: 
Frequency 
In the past year, how often have you interacted with each institution in creating or 
developing innovation 
None, Once, Quarterly, 
Monthly, Weekly 
 Academic Institutions such as colleges and universities  
 Business Institutions such as the chamber of commerce, local firms, business 
accelerators 
 
 Government Institutions such as city government and the SBA  
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Category Question Response Option 
Institution 
Engagement: 
Knowledge 
Sharing 
How have you interacted with the institution? Never, sharing innovative 
ideas, sharing resources for 
innovation, innovation 
focused even planning, 
developing policy that 
impacts innovation, 
implementing policy that 
impacts innovation, assessing 
policy that impacts innovation 
 Academic Institutions such as colleges and universities  
 Business Institutions such as the chamber of commerce, local firms, business 
accelerators 
 
 Government Institutions such as city government and the SBA  
Institution 
Engagement: 
Value 
Overall, how much value do you feel is created by your interactions with the 
institution? 
Never interacted, Not 
Valuable, Somewhat 
Valuable, Valuable, Very 
Valuable, Extremely Valuable 
 Academic Institutions such as colleges and universities  
 Business Institutions such as the chamber of commerce, local firms, business 
accelerators 
 
 Government Institutions such as city government and the SBA  
Human Capital  
Which of the following groups do you primarily represent? 
Academic/Education, 
government, Nonprofit, 
Entrepreneur, Private Sector 
Employee, Full-Time Student 
 Please list the organization that you work for or the school that you currently attend Fill in the blank 
 What is the length of time you have been with your organization or school? <1year, 1-3, 3-5, 5-7, 7+years 
 How long have you worked or attended 
school in Mobile? 
 <1year, 1-3, 3-5, 5-7, 7+years 
 How many years of formal education have you received? Fill in the blank 
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Category Question Response Option 
  
 
What is the highest educational degree you have obtained? 
No GED or high-school 
diploma, GED or high-school 
diploma, Associate's, 
Bachelor's, Master's, Doctoral  
 Have you completed any professional certifications? None, 1-2, 3-4, more than 5  
 For the previous tax year, which of the following ranges did your personal taxable 
income fall into? 
0-25k, 26-50k, 51-75k, 76-
100k, 100k+ 
Global Human 
Capital 
Select the answer that best describes how you feel about this statement, I feel I have 
the education and training that I need to be a productive member of society 
Strongly Disagree-Strongly 
Agree 
Demographics Which of the following best describes the industry that you primarily work in? 25 options, plus “other” 
option to write in 
 Which gender do you identify as? Male, Female 
 What is your ethnicity? White, Black, Asian, Latino, 
Other 
 What is your age? 18-24, 35-55, 56+ 
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